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Understanding is superior to mere practice
Union with the subject matter supersedes that
Dispassion towards all results is better still
And manifests peace immediately

Bhagavat Gita (12:12)
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Foreword

There is no design template more versatile than DNA. Nor are any designs more
consequential than those whose blueprints DNA encodes. This exquisite substance
has been shaped over billions of years by the creative combination of mutation and
selection. Yet in the very long history of this template, it is only during our times
that complex living organisms are beginning to understand and manipulate the
very template whose sequences define them. But how should we go about this
understanding? And how can we use this understanding to more effectively and
responsibly alter the DNA template?

The complexity and diversity of living organisms are daunting. Systems biology
aims at reverse engineering biological complexity for the purpose of understanding
their design principles. By measuring and characterizing interactions of key bio-
logical molecules in response to stimuli and perturbations, systems biology aims to
construct models that capture the complexity of endogenous biological networks.
Through the systematic understanding of such models, it is hoped that one will
achieve a holistic understanding of biological networks and the way they achieve
biological function.

At the same time, the versatility of DNA and the dramatic decrease in the cost
of DNA synthesis is making it possible to economically design and test new
complex genetic circuits. This has given impetus to a new field: Synthetic biology.
In our quest to understand biological complexity, we have examined endogenous
biological subsystems and ascribed functions and design principles to their com-
ponents. But a true understanding of these biological design principles is dem-
onstrated only when one can build such systems de novo and demonstrate their
function. When these circuits do not exhibit behavior consistent with our models,
further investigations will lead to a deeper understanding of the underlying biol-
ogy. Synthetic biology, therefore, serves as an important testbed for our under-
standing of biological principles. But the promise of synthetic biology extends
beyond scientific understanding. Whether it be the detection and interference with
the course of disease through the introduction of designer circuits, the cost-
effective synthesis of new bio-substances, or the development of improved food
products, synthetic biology provides a tremendous opportunity to alleviate suf-
fering and improve the quality of our lives.
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x Foreword

In both systems and synthetic biology, challenges abound. Quantitative mod-
eling, analysis, and design of biological networks must contend with difficulties
arising from the inescapable fact that at its most basic level, biology involves
complex dynamic interactions among nonlinear stochastic components, taking
place at multiple temporal and spatial timescales. The complexity of network
interconnections of such components and the crosstalk between them adds another
level of difficulty.

System theory has emerged as a field to deal with the challenges and com-
plexities emerging from the interconnection of engineered systems, many of which
are shared with biological systems. Notions from system theory such as nonlin-
earity, stochasticity, feedback, loading, modularity, robustness, identifiability, etc.,
are needed for a deeper understanding of biological complexity and for a more
reliable design of biological circuits. These concepts are now being utilized to help
us expand our understanding of endogenous biological circuits and to design novel
ones. The articles in this book make significant strides in this direction.

While system theory will undoubtedly aid our understanding and design of
biological systems, there is no doubt that the study of biological designs that have
evolved over billions of years will also shape the future of system theory. For
example, evolution and development are two central themes in biology that have
little analogy with engineered man-made systems. Through the study of these and
other biological themes, new systems notions and insights will undoubtedly
emerge, enriching system theory in the process. One need only look at the history
of feedback, a predominant concept in system theory, to imagine what is possible.
While its human discovery can be traced back a little over one millennium, it is
likely that feedback was invented by nature more than three billion years earlier.
Since then, it has been wildly successful as a biological design principle, as
evidenced by its prevalence at every level of biological organization. One wonders
if an early systematic understanding of this concept in its biological context could
have sped up the course of our own technological development.

As the physical sciences helped us understand the physical world around us
over the last few centuries, so will quantitative biological science help us under-
stand who we are, how we function, and how we can effectively and responsibly
synthesize this most consequential of substances, the DNA. I believe that system
theory will be central to this understanding.

Ziirich, September 2013 Mustafa Khammash



Preface

Underlying every living cell are billions of molecules interacting in a beautifully
concerted network of pathways such as metabolic, signalling, and regulatory
pathways. The complexity of such biological systems has intrigued scientists from
many disciplines and has given birth to the highly influential field of systems
biology wherein a wide array of mathematical techniques, such as flux balance
analysis, and technology platforms, such as next generation sequencing, is used to
understand, elucidate, and predict the functions of complex biological systems.
This field traces its roots to the general systems theory of Ludwig von Bertalanffy
and effectively started in 1952 with a mathematical model of the neuronal action
potential for which Alan Hodgkin and Andrew Huxley received the Nobel Prize in
1963. More recently, the field of synthetic biology, i.e., de novo engineering of
biological systems, has emerged. Here, the phrase ‘biological system’ can assume
a vast spectrum of meanings: DNA, protein, genome, cell, cell population, tissue,
organ, ecosystem, and so on. Scientists from various fields are focusing on how to
render this de novo engineering process more predictable, reliable, scalable,
affordable, and easy. Systems biology and synthetic biology are essentially two
facets of the same entity. As was the case with electronics research in the 1950s, a
large part of synthetic biology research, such as the BioFab project, has focused on
reusable macromolecular “parts” and their standardization so that composability
can be guaranteed. Recent breakthroughs in DNA synthesis and sequencing
combined with newly acquired means to synthesize plasmids and genomes have
enabled major advances in science and engineering and marked the true beginning
of the era of synthetic biology. Significant industrial investments are already
underway. For example, in 2009, Exxon Mobil set up a collaboration worth $600
million with Synthetic Genomics to develop next generation biofuels.

Recent advances in systems and synthetic biology clearly demonstrate the
benefits of a rigorous and systematic approach rooted in the principles of systems
and control theory—not only does it lead to exciting insights and discoveries but it
also reduces the inordinately lengthy trial-and-error process of wet-lab experi-
mentation, thereby facilitating significant savings in human and financial resour-
ces. So far, state-of-the-art systems-and-control-theory-inspired results in systems
and synthetic biology have been scattered across various books and journals from
various disciplines. Hence, we felt the need for an edited book that provides a
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Xii Preface

panoramic view and illustrates the potential of such systematic and rigorous
mathematical methods in systems and synthetic biology.

Systems and control theory is a branch of engineering and applied sciences that
rigorously deals with the complexities and uncertainties of interconnected systems
with the objective of characterizing fundamental systemic properties such as sta-
bility, robustness, communication capacity, and other performance metrics. Sys-
tems and control theory also strives to offer concepts and methods that facilitate
the design of systems with rigorous guarantees on these fundamental properties.
For more than 100 years, the insights and techniques provided by systems and
control theory have enabled outstanding technological contributions in diverse
fields such as aerospace, telecommunication, storage, automotive, power systems,
and others. Notable examples include Lyapunov’s theorems, Bellman’s theory of
dynamic programming, Kalman’s filter, H* control theory, Nyquist-Shannon
sampling theorem, Pontryagin’s minimum principle, and Bode’s sensitivity inte-
gral. Can systems and control theory have, or evolve to have, a similar impact in
biology? The chapters in this book demonstrate that, indeed, systems and control
theoretic concepts and techniques can be useful in our quest to understand how
biological systems function and/or how they can be (re-)designed from the bottom
up to yield new biological systems that have rigorously characterized robustness
and performance properties.

Several barriers must be overcome to contribute significantly in this exciting
journey. One of these is the language barrier, e.g., what a systems theorist means
by the word sensitivity is different from what a biologist means by it. Another one
is the knowledge barrier as, traditionally, systems and control theorists and biol-
ogists are not well versed with each other’s knowledge base (although that sce-
nario is now fast changing for the better with the introduction of bioengineering
courses in systems and control theory at the undergraduate and graduate levels).
A third barrier is due to the sheer volume of big data: the European Bioinformatics
Institute in Hixton, UK, which is one of the world’s largest biological data
repositories, currently stores 20 petabytes of data and backups about genes, pro-
teins and small molecules, and this number is more than doubling every year.
Finally, a fourth barrier comes from the effort required to produce timely contri-
butions based on currently available models. As an example of this last barrier, the
systems and control theory community could have played a greater role than it did
in two of the most significant technological advances of the last 50 years: VLSI
and Internet. In retrospect, besides the fact that the systems and control theorists
caught on the Internet too late, by which time infrastructures based on TCP/IP
were already in place, the main difficulty posed by the Internet for the systems and
control theory community was a lack of good models of the underlying networked
system. This lack-of-good-models barrier is even more daunting in biology since
some of the currently available big data are not guaranteed to be reproducible. As
Prof. M. Vidyasagar illustrates and observes in the September 2012 issue of IEEE
Lifesciences, one of the major challenges to the application of systems and control
theory concepts in biology comes from “the fact that many biological experiments
are not fully repeatable, and thus the resulting data sets are not readily amenable to
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the application of methods that people like us [i.e., systems and control theorists]
take for granted.”

The chapters in this book serve to propose ways to overcome such barriers and to
illustrate that biologists as well as systems and control theorists can make deep and
timely contributions in life sciences by collaborating with each other to solve
important questions such as how to devise experiments to obtain models of bio-
logical systems, how to obtain predictive models using information extracted from
experimental data, how to choose components for (re-)engineering biological
networks, how to adequately interconnect biological systems, and so on. Further-
more, and as Prof. Mustafa Khammash observes in his foreword, this research will
fundamentally enrich systems and control theory as well by forcing it to investigate
currently open questions that are specific to living biological systems, e.g., Why do
biological systems naturally evolve the way they do? Can the evolvability of bio-
logical systems be consciously exploited for (re-)design and optimization purposes?

This book is intended for (1) systems and control theorists interested in
molecular and cellular biology, and (2) biologists interested in rigorous modeling,
analysis, and control of biological systems. We believe that research at the
intersection of these disciplines will foster exciting discoveries and will stimulate
mutually beneficial developments in systems & control theory and systems &
synthetic biology.

The book consists of 12 chapters contributed by leading researchers from the
fields of systems and control theory, systems biology, synthetic biology, and
computer science. Chapters 1-6 focus on general mathematical concepts, methods,
and tools that are currently used to answer important questions in biology. Chapters
7-12 describe various biological network modeling approaches used to untangle
biological complexity and reverse-engineer biological networks from data.

e Part [—Mathematical Analysis: Chapters 1-6 present core mathematical
concepts and methods that can be used and further adapted for solving specific
problems in biology. As an example, consider the law of mass action. It has been
widely used in chemistry since Guldberg and Waage formulated it in 1864. But
does it have a deeper significance that is applicable outside chemistry? Like-
wise, reaction-diffusion systems feature in all pattern formation problems which,
in turn, are significant in neuronal networks and disease phenotypes. Under
which conditions is spatial uniformity guaranteed? The chapters in this part
provide rigorous mathematical foundations that can be used to resolve such
questions. A brief summary of each chapter is as follows.

— Chapter 1: The law of mass action is used in (bio-)chemistry to characterize
and predict the behavior of interacting (bio-)chemical species. Guldberg and
Waage formulated it in 1864 and it has since been built upon and widely used
in (bio-)chemistry and cellular biology. To make it available for consideration
by researchers in areas other than chemistry, Adleman et al. present it in a
new form, viz., in the context of event systems, after solidifying its mathe-
matical foundations.
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— Chapter 2: Molecular systems often have a mathematical representation with
uncertainties embedded in it. These uncertainties make predictions of the
system’s behavior harder. Nonetheless, it is still possible, in some scenarios,
to obtain certain qualitative behavioral results that are fairly parameter
independent and, instead, are a property of the system structure. Blanchini
and Franco use a parameter-free qualitative modeling framework and show
under which conditions behaviors such as oscillations and multi-stability are
only structure dependent.

— Chapter 3: Reaction-diffusion systems are of central importance in all
applications that feature pattern formations. Aminzare et al. present condi-
tions that guarantee the spatial uniformity of the solutions of reaction-diffu-
sion partial differential equations. They demonstrate that these conditions can
be verified using linear matrix inequalities and outline the applicability of
these results in analyzing biological oscillations and enzymatic signalling
pathways.

— Chapter 4: Biologists often rely on linearized models to examine stability and
on phase-plane analysis to understand the effect of parameter variations.
Although useful, phase-plane analysis cannot be used to address simultaneous
variations in more than two parameters. Kulkarni et al. show how multiplier
theory can be used to overcome these limitations and illustrate its use via a
case study of the celebrated Elowitz—Leibler oscillator.

— Chapter 5: Modularity possibly emerged at the cellular level through natural
selection and evolution. But do modules make sense in the context of met-
abolic networks? Goelzer and Fromion present a framework that allows a
modular decomposition of steady-state metabolic networks, and show how
this framework can also be used for a qualitative predictive modeling based
on omics datasets.

— Chapter 6: Biological network modeling often encounters the problem of how
to deal with hidden state dynamics. Santiello et al. address the problem of
predicting hidden state transitions from temporal sequential datasets (for
example, EEG, EMG, MER) by developing a Bayesian detection paradigm
that combines optimal control and Markov processes.

e Part II—Biological Network Modeling: Chapters 7-12 focus on certain
techniques that can be used to obtain predictive models of biological networks.
Here, the limitations of the perturbation methods used to generate the data, the
vast amount of available data (which does not necessarily correlate with the
amount of information they contain), hidden states, measurement noise, and
other factors combine to render this broad area of research one of the greatest
scientific and technological challenges of today. The chapters in this section
summarize some of these challenges and present architectures that constitute an
important step in arriving at a definitive solution. Somewhat similar, but less
complex system identification problems have been encountered and resolved in
systems theory and computer science over the last decades. Can these tech-
niques and the insight they provide be useful in biology? To answer this


http://dx.doi.org/10.1007/978-94-017-9041-3_2
http://dx.doi.org/10.1007/978-94-017-9041-3_3
http://dx.doi.org/10.1007/978-94-017-9041-3_4
http://dx.doi.org/10.1007/978-94-017-9041-3_5
http://dx.doi.org/10.1007/978-94-017-9041-3_6
http://dx.doi.org/10.1007/978-94-017-9041-3_7
http://dx.doi.org/10.1007/978-94-017-9041-3_12

Preface xv

question, it is crucial to understand the advantages and limitations of each
particular technique. The set of chapters collated in this part aim to highlight the
current state of the art for biological network modeling and the advantages and
limitations of the presented approaches. A brief summary of each chapter is as
follows.

— Chapter 7: In metabolic networks, the metabolite dynamics evolve on much
shorter timescales than their catalytic enzymes. Kuntz et al. show how such
timescale separation can be exploited using Tikhonov’s theorem for singu-
larly perturbed systems to derive reduced models whose behaviors are
guaranteed to remain quantifiably close to those of the non-reduced models.
They illustrate this approach by applying it to an example of genetic feedback
control for branched metabolic pathways.

— Chapter 8: A central theme in complex network theory, popularized by the
study of small-world and scale-free networks at the turn of the last century, is
the study of biological networks using various metrics. In this chapter, Roy
discusses the utility of various network metrics as well as the need to go
beyond fundamental metrics, such as node degree, to better understand how
an organism’s phenotype is encoded by its network topology.

— Chapter 9: Even though most of the complex real-world systems exhibit
nonlinearities, linear models serve as a useful first order approximation.
Carignano et al. present a detailed exposition on how linear system identifi-
cation techniques can be used to obtain causal relationships between bio-
molecular entities.

— Chapter 10: Fisher and Piterman discuss how ideas from computer science
can be useful for model checking in systems biology. They present a meth-
odology to analyze biochemical networks, and specifically a method to test
for a faithful reproduction of biological interactions that are known a priori as
well as to identify interactions that are not known a priori.

— Chapter 11: Bussetto et al. discuss objective-specific strategies for designing
informative experiments in systems biology. Following a formal description
of the task of experimental design, they illustrate the use of Bayesian and
information-theoretic approaches to design experiments in systems biology.

— Chapter 12: Today, there is a critical need for new methods that rapidly
transform high-throughput genomics, transcriptomics, and metabolomics data
into predictive network models for metabolic engineering and synthetic
biology. In this chapter, Chandrasekaran describes the state of the art of these
methods and explains an approach for this purpose called Probabilistic
Regulation of Metabolism (PROM).

The burgeoning fields of systems biology and synthetic biology have thrown up
a very large number of interesting research problems. As the pre-eminent com-
puter scientist Donald Knuth put it, “biology easily has 500 years of exciting
problems to work on.” The chapters in this book address but a small fraction of
these interesting challenges. Nevertheless, we believe this book can serve as a
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good introduction on some of the currently open problems and on some of the
state-of-the-art concepts and techniques available to propose solutions to such
problems.

We are very grateful to all authors for their invaluable time and contributions
and to Prof. Mustafa Khammash (ETH Ziirich) for his stimulating foreword. We
are also grateful to our institutions: University of Minnesota (Minneapolis, USA),
Imperial College (London, UK), and Indian Institute of Technology Madras
(Chennai, India) for their support and for providing a stimulating work environ-
ment. Finally, we thank and acknowledge the financial support of our respective
funding agencies: the National Science Foundation, the UK Engineering and
Physical Sciences Research Council, and the Ministry of Human Resource and
Development of the Government of India.

Minneapolis, MN, USA, September 2013 Vishwesh V. Kulkarni
London, UK Guy-Bart Stan
Chennai, India Karthik Raman
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Chapter 1
On the Mathematics of the Law of Mass Action

Leonard Adleman, Manoj Gopalkrishnan, Ming-Deh Huang, Pablo Moisset
and Dustin Reishus

Abstract In 1864, Waage and Guldberg formulated the “law of mass action.” Since
that time, chemists, chemical engineers, physicists and mathematicians have amassed
a great deal of knowledge on the topic. In our view, sufficient understanding has
been acquired to warrant a formal mathematical consolidation. A major goal of this
consolidation is to solidify the mathematical foundations of mass action chemistry—
to provide precise definitions, elucidate what can now be proved, and indicate what
is only conjectured. In addition, we believe that the law of mass action is of intrinsic
mathematical interest and should be made available in a form that might transcend
its application to chemistry alone. We present the law of mass action in the context
of a dynamical theory of sets of binomials over the complex numbers.

Keywords Law of mass action - Mass action kinetics *+ Event systems * Binomials -
String theory - Differential equations + Flow-invariant affine subspaces - Natural
event systems * Lyapunov function
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4 L. Adleman et al.

1.1 Introduction

The study of mass action kinetics dates back at least to 1864, when Guldberg and
Waage [7] formulated the “law of mass action.” Since that time, a great deal of
knowledge on the topic has been amassed in the form of empirical facts, physi-
cal theories and mathematical theorems by chemists, chemical engineers, physi-
cists and mathematicians. In recent years, Horn and Jackson [10], and Feinberg
[5] have made significant mathematical contributions, and these have guided our
work.

It is our view that a critical mass of knowledge has been obtained, sufficient to
warrant a formal mathematical consolidation. A major goal of this consolidation is to
solidify the mathematical foundations of this aspect of chemistry—to provide precise
definitions, elucidate what can now be proved, and indicate what is only conjectured.
In addition, we believe that the law of mass action is of intrinsic mathematical interest
and should be made available in a form that might transcend their application to
chemistry alone.

To make the law of mass action available for consideration by researchers in areas
other than chemistry, we present mass action kinetics in a new form, which we call
event-systems. Our formulation begins with the observation that systems of chemical
reactions can be represented by sets of binomials. This gives us an opportunity to
extend the law of mass action to arbitrary sets of binomials. Once this extension
is made, there is no reason to restrict ourselves to binomials with real coefficients.
Hence, we are led to a dynamical theory of sets of binomials over the complex
numbers. Possible mathematical applications of this theory include:

1. Binomials are objects of intrinsic mathematical interest [4]. For example, they
occur in the study of toric varieties, and hence in string theory. With each set
of binomials over the complex numbers, we associate a corresponding system
of differential equations. Ideally, this dynamical viewpoint will help advance the
theory of binomials, and enhance our understanding of their associated algebraic
sets.

2. When we extend the study of the law of mass action to sets of binomials over the
complex numbers, we can consider reactions that involve complex rates, complex
concentrations, and move through complex time. Extending to the complex num-
bers gives us direct access to the powerful theorems of complex analysis. Though
this clearly transcends conventional chemistry, it may have applications in pure
mathematics.

For example, in ongoing work, we seek to exploit an analogy between number
theory and chemistry, where atoms are to molecules as primes are to numbers. We
associate a distinct species with each natural number. Then each multiplication
rule m x n = mn is encoded by a reaction where the species corresponding to
the number m reacts with the species corresponding to the number n to form the
species corresponding to the number mn. With an appropriate choice of specific
rates of reactions the resulting event-system has the property that the sum of equi-
librium concentrations of all species at complex temperature s is the value of the
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Riemann zeta function at s. We hope to pursue this approach to study questions
related to the distribution of the primes.

3. Systems of linear differential equations are well understood. In contrast, systems
of ordinary non-linear differential equations can be notoriously intractable. Differ-
ential equations that arise from event-systems lie somewhere in between—more
structured than arbitrary non-linear differential equations, but more challenging
than linear differential equations. As such, they appear to be an important new
class for consideration in the theory of ordinary differential equations.

In addition to their use in mathematics, event-systems provide a vehicle by which
ideas in algebraic geometry may be made readily available to the study of mass action
kinetics. As such, they may help solidify the foundations of this aspect of chemistry.
We expand on this in Sect. 1.7.

Part of our motivation for this research comes from the emerging field of nanotech-
nology. To quote from [1], “Self-assembly is the ubiquitous process by which objects
autonomously assemble into complexes. Nature provides many examples: Atoms
react to form molecules. Molecules react to form crystals and supramolecules. Cells
sometimes coalesce to form organisms. Even heavenly bodies self-assemble into
astronomical systems. It has been suggested that self-assembly will ultimately be-
come an important technology, enabling the fabrication of great quantities of small
objects such as computer circuits... Despite its importance, self-assembly is poorly
understood.” Hopefully, the theory of event-systems is a step towards understanding
this important process.

The chapter is organized as follows:

In Sect. 1.2, we present the basic mathematical notations and definitions for the
study of event-systems.

In Sect. 1.3, and all of the sections that follow, we restrict to finite event-
systems. Theorem 3 demonstrates that the stoichiometric coefficients give rise to
flow-invariant affine subspaces—*‘conservation classes.”

In Sect. 1.4, and all of the sections that follow, we restrict to “physical event-
systems.” Though we have defined event-systems over the complex numbers, in this
chapter we focus on consolidating results from the mass action kinetics of reversible
chemical reactions. Physical event-systems capture the idea that the specific rates of
chemical reactions are always positive real numbers. The main result of this section
is Theorem 4, which demonstrates that for physical event-systems, if initially all
concentrations are non-negative, then they stay non-negative for all future real times
so long as the solution exists. Further, the concentration of every species whose initial
concentration is positive, stays positive.

In Sect. 1.5, and all the sections that follow, we restrict to “natural event-systems.”
Natural event-systems capture the concept of detailed balance from chemistry. In
Theorem 5, we give four equivalent characterizations of natural event-systems; in
particular, we show that natural event-systems are precisely those physical event-
systems that have no “energy cycles.” In Theorem 7, following Horn and Jack-
son [10], we show that natural event-systems have associated Lyapunov functions.
This theorem is reminiscent of the second law of thermodynamics. The main result
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of this section is Theorem 10, which establishes that for natural event-systems, given
non-negative initial conditions:

Solutions exist for all forward real times.

Solutions are uniformly bounded in forward real time.

All positive equilibria satisfy detailed balance.

Every conservation class containing a positive point also contains exactly one
positive equilibrium point.

5. Every positive equilibrium point is asymptotically stable relative to its conserva-
tion class.

Ll

For systems of reversible reactions that satisfy detailed balance, must concentrations
approach equilibrium? We believe this to be the case, but are unable to prove it. In
1972, an incorrect proof was offered [10, Lemma 4C]. This proof was retracted in
1974 [9]. To the best of our knowledge, this question in mass action kinetics remains
unresolved [14, p. 10]. We pose it formally in Open Problem 1, and consider it the
fundamental open question in the field.

In Sect. 1.6, we introduce the notion of “atomic event-systems.” As the name
suggests, this is an attempt to capture mathematically the atomic hypothesis that all
species are composed of atoms. The main theorem of this section is Theorem 11,
which establishes that for natural, atomic event-systems, solutions with positive ini-
tial conditions asymptotically approach positive equilibria. Hence, Open Problem 1
is resolved in the affirmative for this restricted class of event-systems.

1.2 Basic Definitions and Notation

Before formally defining event-systems, we give a very brief, informal introduction
to chemical reactions. All reactions are assumed to take place at constant temperature
in a well-stirred vessel of constant volume.
Consider ”
A+2B = C.

This chemical equation concerns the reacting species A, B and C. In the forward
direction, one mole of A combines with two moles of B to form one mole of C. The
symbol “c” represents a real number greater than zero. It denotes, in appropriate
units, the rate of the forward reaction when the reaction vessel contains one mole
of A and one mole of B. It is called the specific rate of the forward reaction. In the
reverse direction, one mole of C decomposes to form one mole of A and two moles
of B. The symbol “7” represents the specific rate of the reverse reaction. Chemists
typically determine specific rates empirically. Though irreversible reactions (those
with 0 = 0 or 7 = 0) have been studied, they will not be considered in this chapter.
Inspired by the law of mass action, we introduce a multiplicative notation for
chemical reactions, as an alternative to the chemical equation notation. In our
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notation, each chemical reaction is represented by a binomial. Consider the follow-
ing examples. On the left are chemical equations. On the right are the corresponding
binomials.

172 1 1
Xo=X1 —- =X2— =X
1/3 3 2

2

i 2v3 3y2
2X1+3Xe=3X1 +2X2 — oX7Xg—7X7X5
T

1/2 1 1
X3=X1+X2 - =X3—=X1X>
1/3 3

Our notation leads us to view every set of binomials over an arbitrary field F as
a formal system of reversible reactions with specific rates in [\ {0}. For our present
purposes, we will restrict our attention to binomials over the complex numbers. With
this in mind, we now define our notion of event-system.

Notation 1 Let Co, = UZOZI C[X1, X2, ..., Xu]. A monic monomial of Co is a
product of the form [ 72, Xie" where the e; are non-negative integers all but finitely
many of which are zero. We will write My, to denote the set of all monic monomials
of Coo. More generally, if S C {X1, X2, ...}, we let C[S] be the ring of polynomials
with indeterminants in S and we let Mls = My, N C[S] (i.e. the monic monomials
in C[S]).

Ifne€Z-g, peC[X,Xs,...,X,],and a = (a1, ay, ...,a,) € C" then, as is
usual, we will let p(a) denote the value of p on argument a.

Given two monic monomials M = [[72, X{" and N = []72, Xl.fi from Moo, we
will say M precedes N (and we will write M < N) iff M # N and for the least i
such that e; # fi, ei < fi.

It follows that 1 is a monic monomial of Cy, and that each element of C is
a C-linear combination of finitely many monic monomials. We will be particularly
concerned with the set of binomials Booc = {oM + 7N | 0,7 € C\{0} and M, N
are distinct monic monomials of Cno}.

Definition 2 (Event-system) An event-system & is a nonempty subset of Bn.

If & is an event-system, its elements will be called “&-events” or just “events.”
Note that if oM + 7N is an event then M # N.
Our map from chemical equations to events is as follows. A chemical equation

Za,'X,'%ijXj goes to:
j j
Lo[]xe—+T]x7 it []x <] x7
i j i j
or 2. T[[X7 o] x% it []x) <[]x
J i Jj i



8 L. Adleman et al.

For example:

1/3 1 1
X 1/:2X2 — =X — =X (because X» < X1)

3 2
1/2 1 1
Xo=X1 —> =X, — =X
1/3 3 2
—-1/3 1 1
X1 = Xo—- —=Xo+ =X
—1/2 3 2
1/3 1 1
X1 = Xo—> =X+ =X
-1/2 3 2

X1 +X lgﬁ/3X — 1X ——lXX
Z
1 21/2 3 3 3 ) 142

7 2vy3 3y2
3X| +2Xy =2X| 4 3X6 — TXIX3 — 0 X} X3
T

Note that our order of monomials is arbitrary. Any linear order would do. The
order is necessary to achieve a one-to-one map from chemical reactions to events.

Our definition of event-systems allows for an infinite number of reactions, and
an infinite number of reacting species. Indeed, polymerization reactions are com-
monplace in nature and, in principle, they are capable of creating arbitrarily long
polymers (for example, DNA molecules).

The next definition introduces the notion of systems of reactions for which the
number of reacting species is finite.

Definition 3 (Finite-dimensional event-system) An event-system & is finite-
dimensional iff there exists an n € Z such that & C C[ X1, X2, ..., X,].

Definition 4 (Dimension of event-systems) Let & be a finite-dimensional event-
system. Then the least n such that & C C[Xy, X3, ..., X,] is the dimension of
&.

Definition 5 (Physical event, Physical event-system) A binomial e € B is a phys-
ical event iff there exist o, 7 € R.g and M, N € My such that M < N and
e = oM — TN. An event-system & is physical iff each e € & is physical.

Chemical reaction systems typically have positive real forward and backward
rates. Physical event-systems generalize this notion.

Definition 6 Letn € Z-¢. Let o = (a1, an, ..., ap) € C".
1. «is anon-negative point iff fori =1,2,...,n, o; € R>o.
2. «is apositive point iff fori = 1,2,...,n, a; € Royp.

3. a s a z-point iff there exists an i such that a; = 0.

In chemistry, a system is said to have achieved detailed balance when it is at a point
where the net flux of each reaction is zero. Given the corresponding event-system,
points of detailed balance corresponds to points where each event evaluates to zero,
and vice versa. We call such points “strong equilibrium points.”



1 On the Mathematics of the Law of Mass Action 9

Definition 7 (Strong equilibrium point) Let & be a finite-dimensional event-system
of dimension n. o € C" is a strong &-equilibrium point iff for all e € &, e(a)) = 0.

In the language of algebraic geometry, when & is a finite-dimensional event-
system, its corresponding algebraic set is precisely the set of its strong &-equilibrium
points.

It is widely believed that all “real” chemical reactions achieve detailed balance.
We now introduce natural event-systems, a restriction of finite-dimensional, physical
event-systems to those that can achieve detailed balance.

Definition 8 (Natural event-system) A finite-dimensional event-system & is natural
iff it is physical and there exists a positive strong &-equilibrium point.

Our next goal is to introduce atomic event-systems: finite-dimensional event-
systems obeying the atomic hypothesis that all species are composed of atoms.
Towards this goal, we will define a graph for each finite-dimensional event-system.
The vertices of this graph are the monomials from M, and the edges are determined
by the events. If a weight r is assigned to an edge, then r represents the energy
released when a reaction corresponding to that edge takes place. For the purpose of
defining atomic event-systems, the reader may ignore the weights; they are included
here for use elsewhere in the chapter (Definition 24).

Though graphs corresponding to systems of chemical reactions have been defined
elsewhere (e.g. [5, 14, p. 10]), it is important to note that these definitions do not
coincide with ours.

Definition 9 (Event-graph) Let & be a finite-dimensional event-system. The event-
graph G = (V, E, w) is a weighted, directed multigraph such that:

1. V. =My
2. Forall My, M, € M, forall r € C,
(M, M) € Eandr € w ({M;, M>)) iff
there existe € & and 0,7 € Cand M, N, T € My, such thate = oM + TN
and M < N and either
(@M; =TMand My = TN andr =1In (—2) or
bYMy=TNand M, =TM andr = — n(—%)

Notice that two distinct weights 1 and r, could be assigned to a single edge. For
example, let & = {XX» — 2X12, X> — 5X1}. Consider the edge in G ¢ from the
monomial X % to the monomial X X,. Weight In 2 is assigned to this edge due to the
event X1 Xy, —2X %, with T = 1. Weight In 5 is also assigned to this edge due to the
event X, — 5X, with T = X.

Definition 10 Let & be a finite-dimensional event-system. For all M € M, the
connected component of M, denoted Cg (M), is the set of all N € M, such that
there is a path in G ¢ from M to N.

It follows from the definition of “path” that every monomial belongs to its
connected component.
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Definition 11 (Atomic event-system) Let & be a finite-dimensional event-system of
dimension n. Let S = {X1, X2, ..., X, }. Let Ag = {X,- eS| Ce(X;) = {Xi}}. &
is atomic iff for all M € M, C(M) contains a unique monomial in M ..

If & is atomic then the members of A ¢ will be called the atoms of &. It follows
from the definition that in atomic event-systems, atoms are not decomposable, non-
atoms are uniquely decomposable into atoms and events preserve atoms.

Since the set Mx, x,.. x,) is infinite, it is not possible to decide whether &
is atomic by exhaustively checking the connected component of every monomial
in Mix, x,....x,)- The following is sometimes helpful in deciding whether a finite-
dimensional event-system is atomic (proof not provided).

Let & be an event-system of dimension n with no event of the form o + 7N. Let
Be = {X;|Forallo,7 € C\{O}and N € M,:0X;+7N ¢ &}.Then & is atomic iff
thereexist M1 € Co(X1)NMp,, My € Co(X2)NMpg, ..., M, € Ce(X,)NMp,
such that:

n n n n
Forall o [[X¢ —r[[x2 e &, M =] m". (1.D)
i=1 i=1 i=1

i=1

We have shown (proof not provided) that if & and B¢ are as above, and there exist
My e Ce(X1)NMp,, My € Co(X2)NMp,, ..., M, € Ceo(X,) NMp, and there
exists o [/, X" —7[1/2, Xfi € &suchthat [T/, M # [T/, Ml.]’[,thené’is not
atomic. Hence, to check whether an event-system with no event of the form o + 7N
is atomic, it suffices to examine an arbitrary choice of M| € Ce(X1) NMp,, M> €
Ceo(X2) NMpy, ..., M, € Ce(X,) NMp,, if one exists, and check whether (1.1)

above holds.

Example I Let& = {X3—X?}.Then Bg = {X1, X»}.Let M| = X and M, = X>.
Trivially, My, M € Mg, My € Cg(X1) and M € Cg(X3). Consider the event
X3—X2.Since M2 = X5 # X? = M?, & is not atomic. Note that the event X3 — X2
does not preserve atoms.

Example 2 Let & = (X7 — X», X2 — X3, X2X3 — X1}. Then Bg = {X4, Xs}. Let
M, = XﬁX%, M, = X?‘, M3 = X%, My = X4, Ms = Xs. Clearly these are all in
Mp,. X2 — X3 € & implies M3 € Cg(X3). X] — X € & implies My € Co(X).
Since (X1, X»X3, X2X§, Xng) is a path in G¢, we have M| € Cg(X1). For
the event Xﬁ — X, we have Mf = Xﬁ = M>. For the event X% — X3, we have
M2 = X2 = M. For the event X2X3 — X, we have MoM3 = X7X2 = M.
Therefore, & is atomic.

Note that it is possible to have an atomic event-system where A is the empty
set. For example:

Example 3 Let & = {1 — X;}. In this case, S = {X;} and My is the set
{1, X1, X%, X?, ...}. It is clear that Mg forms a single connected component C
in G¢. Hence, X isnotin Ag, and Ag = ¢. 1 is the only monomial in M4 .. Since
lisin C, & is atomic.



1 On the Mathematics of the Law of Mass Action 11

1.3 Finite Event-Systems

The study of infinite event-systems is embryonic and appears to be quite challenging.
In the rest of this chapter only finite event-systems (i.e., where the set & is finite)
will be considered. It is clear that all finite event-systems are finite-dimensional.

Definition 12 (Stoichiometric matrix) Let & = {ey, ea, ..., e, } be an event-system
of dimension n. Let i < n and j < m be positive integers. Let e; = oM + TN,
where M < N. Then +;; is the number of times X; divides N minus the number
of times X; divides M. The stoichiometric matrix I'e of & is the m x n matrix of
integers e = (. )mn-

Example 4 Let e = 0.5X3 — 500X X3X7. Let & = f{er}. Then 11 = 1,
V1,2 = —2,71,7 = 1 and for all other i, y;,; = 0, hence Iy = (1 =20000 1).

Definition 13 Let & = {ey, ..., ¢, } be a finite event-system of dimension n. Then:

1. Pg is the column vector (Py, Py, ..., P,)T =T'f(er e, ..., em)".

2. Leta € C". Then « is an &-equilibrium point iff fori = 1,2, ..., n: Pi(a) = 0.

The P;’s arise from the Law of Mass Action in chemistry. For a system of chemical
reactions, the P;’s are the right-hand sides of the differential equations that describe
the concentration kinetics. Definition 13 extends the Law of Mass Action to arbitrary
event-systems, and hence, arbitrary sets of binomials.

It follows from the definition that for finite event-systems, all strong equilibrium
points are equilibrium points, but the converse need not be true.

Example 5 Let e = Xp — X| and e = Xy — 2X4. Let & = {ey, e2}. Then
_ 1 -1 _(P1) _ 2X> —3X, .
T'e = (1 _1) and pe = (Pz) = (3X1 —2X2)' Therefore (2, 3) is an &-

equilibrium point. Since ¢ (2, 3) = 1, (2, 3) is not a strong &-equilibrium point.

Example 6 Lete; = 6 — XX, and ey = ZX% —9X,. Let & = {ey, e2}. Then

(11 (P _ (6-X1X2+2X3 - 9X,
e = (1 —2) and ps = (Pz) - (6—X1X2—4X§+18X1
(2, 3) is a strong equilibrium point because e1(2,3) = 0 and e>(2,3) = 0. Since
P1(2,3) = €1(2,3) +¢2(2,3) = 0and P>(2,3) = ¢1(2,3) — 2e2(2,3) = 0, the
point (2, 3) is also an equilibrium point.

) . The point

The event-system in Example 5 is not natural, whereas the one in Example 6 is.
In Theorem 8, it is shown that if & is a finite, natural event-system then all positive
&-equilibrium points are strong & -equilibrium points.

Definition 14 (Event-process) Let & be a finite event-system of dimension 7. Let
(P1, Py, ..., P))T = pe.Let 2 C C be a non-empty simply-connected open set.
Let f = (f1, f2,..., fu) where fori = 1,2,...,n, f;:C — C is defined on 2.
Then f is an &-process on £2 iff fori = 1,2, ..., n:
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1. f] exists on £2.
2. f/=Pofong.

Note that &-processes evolve through complex time, and hence generalize the
idea of the time-evolution of concentrations in a system of chemical reactions.

Definition 14 immediately implies that if f = (f1, f2, ..., fa) is an &-process
on §2,thenfori = 1,2, ..., n, f; is holomorphic on £2. In particular, for each i and
all o € £2, there is a power series around « that agrees with f; on a disk of non-zero
radius.

Systems of chemical reactions sometimes obey certain conservation laws. For
example, they may conserve mass, or the total number of each kind of atom. Event-
systems also sometimes obey conservation laws.

Definition 15 (Conservation law, Linear conservation law) Let & be a finite event-
system of dimension n. A function g: C" — C is a conservation law of & iff g is
holomorphic on C", g((0,0,...,0)) = 0 and Vg - Ps is identically zero on C". If
g is a conservation law of & and g is linear (i.e. Vc € C,Va, 3 € C", g(ca+ B) =
cg(a) + g(03)), then g is a linear conservation law of & .

The event-system described in Example 5 has a linear conservation law g(X1, X»)
= X| 4+ X». The next theorem shows that conservation laws of & are dynamical
invariants of &-processes.

Theorem 1 For all finite event-systems &, for all conservation laws g of &, for all
simply-connected open sets §2 C C, for all &-processes f on 52, there exists k € C
such that g o f — k is identically zero on 2.

Proof Let n be the dimension of &. Let (Py, P», ..., P,,)T = pg.Forallt € £2, by
Definition 14, fori = 1,2, ...,n, fi(t) and fi’ (t) are defined. Further, by Defini-
tion 15, g is holomorphic on C". Hence, g o f is holomorphic on §2. Therefore, by the
chainrule, (g o f)' (t) = (Vglrx) - (f{ @), f,(t), ..., f(1)). By Definition 14, for
allt € 2, (f{@), f,0),.... [,(®) = (PI(f (), P(f (1)), ..., Pa(f())). From
these, it follows that (g o f)'(t) = (Vg - Pg)(f(¢)). But by Definition 15, Vg - Pe
is identically zero. Hence, for all € £2, (g o f)'(¢) = 0. In addition, 2 is a simply-
connected open set. Therefore, by [2, Theorem 11], there exists k € C such that
g o f — k is identically zero on £2.

The next theorem shows a way to derive linear conservation laws of an event-
system from its stoichiometric matrix.

Theorem 2 Let & be a finite event-system of dimension n. For all V € ker I'g,
V - (X1,..., Xpn) is a linear conservation law of &.

Proof Let I' = I'g, then ker I is orthogonal to the image of I"'”. By the definition
of P = Pg, forall w € C", P(w) lies in the image of I'T  Hence, forall V € ker I',
forall w € C", V - P(w) = 0. But V is the gradient of V - (X1, ..., X;;). It now
follows from Definition 15 that V - (X, ..., X,,) is a linear conservation law of &.
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Definition 16 (Primitive conservation law) Let & be a finite event-system of
dimension n. For all V € ker I'g, the linear conservation law V - (X1, X2, ..., X;,)
is a primitive conservation law.

We can show that in physical event-systems all linear conservation laws are prim-
itive and, in natural event-systems, all conservation laws arise from the primitive
ones.

Definition 17 (Conservation class, Positive conservation class) Let & be a finite
event-system of dimension n. A coset of (ker I'g)" is a conservation class of &.
If a conservation class of & contains a positive point, then the class is a positive
conservation class of &.

Equivalently, a,, 6 € C" are in the same conservation class if and only if they
agree on all primitive conservation laws. Note that if H is a conservation class of &
then it is closed in C". The following theorem shows that the name “conservation
class” is appropriate.

Theorem 3 Let & be a finite event-system. Let $2 C C be a simply-connected open
set containing 0. Let [ be an &-process on $2. Let H be a conservation class of &
containing f(0). Then forallt € §2, f(t) € H.

Proof Let&, §2, f, H and ¢ be as in the statement of this theorem. Forall V € ker I'e,
the primitive conservation law V - (X1, X2, ..., X},) is a dynamical invariant of f,
from Theorem 2 and Theorem 1. Hence,

V- (f10), £200), ..., fu(0) =V - (fi(@), f2(0),.... fu(D))

That is,
V- (f1(0) = f1@), f20) = f2(@), ..., [u(0) = fu(®) =0

Hence, f(¢) — f(0) is in (ker Fg)J‘. By Definition 17, f(¢) € H.

1.4 Finite Physical Event-Systems

In this section, we investigate finite, physical event-systems—a generalization of
systems of chemical reactions.

It is widely believed that systems of chemical reactions that begin with posi-
tive (respectively, non-negative) concentrations will have positive (respectively, non-
negative) concentrations at all future times. This property has been addressed math-
ematically in numerous papers [6, p. 6], [5, Remark 3.4], [3, Theorem 3.2], [14,
Lemma 2.1]. The notion of “system of chemical reactions” varies between papers.
Several papers have provided no proof, incomplete proofs or inadequate proofs that
this property holds for their systems. Sontag [14, Lemma 2.1] provides a lovely
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proof of this property for the systems he considers—zero deficiency reaction net-
works with one linkage class. We shall prove in Theorem 4 that the property holds
for finite, physical event-systems. Finite, physical event-systems have a large inter-
section with the systems considered by Sontag, but each includes a large class of
systems that the other does not. We remark that our methods of proof differ from
Sontag’s, but it is possible that Sontag’s proof might be adaptable to our setting.

Lemma 4 and Lemma 10 are proved here because they apply to finite, physical
event-systems. However, they are only invoked in subsequent sections. Lemma 4
relates &-processes to solutions of ordinary differential equations over the reals.
Lemma 10 establishes that if an &-process defined on the positive reals starts at
a real, non-negative point, then its w-limit set is invariant and contains only real,
non-negative points.

The next lemma shows that if two &-processes evaluate to the same real point
on a real argument then they must agree and be real-valued on an open interval
containing that argument. The proof exploits the fact that &-processes are analytic,
by considering their power series expansions.

Lemma 1 Let & be a finite, physical event-system of dimension n, let 2, 2" C C
be open and simply-connected, let f = (f1, f2, ..., fn) be an &-process on 2 and
let g ={g1,82,...,8n) bean &-process on $2’. Ifto € 2N2'NRand f (1) € R"
and f (ty) = g(to), then there exists an open interval I C R such that ty € I and for
allt € I:

L[ =g, |

2. Fori=1,2,...,n: ifZ?iO cj(z — tp)! is the Taylor series expansion of f; at
to thenforall j € Zso, c; € R

3. f@) e R".

Proof Let k € Zso. By Definition 14, f and g are vectors of functions an-
alytic at #o. For i = 1,2,...,n, let f; ® be the kth derivative of fi and let

fO = (f0, 10 (k)) Define g(k) and ¢® similarly. To prove 1, it is
enough to show that for i = 1,2,...,n, f; and g; have the same Taylor series
around #y. Let Vo = (X1, X», Xn) Let Vi = Jac(Vi_1)Pg (recall that if
H = (hX,Xo,....X), (X1, X0, ... X)), .... 0, (X1, X0,..., X)) is a

vector of functions in m variables then Jac(H) is the n X m matrix ( ah’) where
i=12,...,nand j = 1,2,...,m). Let (Vi 1, Vk2, ..., Vi) = Vk We claim
that f(k) = Vk o f on £ and g(k) = Vi og on £ and fori = 1,2,...,n
Vii € R[X1, Xa, ..., X, ]. We prove the claim by induction on k. If k = 0, the
proof is immediate. If K > 1, on £2:

FO =gty
= (Vi_1 0 f) (Inductive hypothesis)
= (Jac(Vxk_1) o f)f’ (Chain-rule of derivation)
= (Jac(Vk—1) o f)(Pg o f) (f isan &-process)
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= (Jac(Vk—1) Pg) o f
=Viof

By a similar argument, we conclude that g® = V; o g on £2’. By the induc-
tive hypothesis, Vx_1 is a vector of polynomials in R[X{, X», ..., X,,]. It follows
that Jac(Vx_1) is an n x n matrix of polynomials in R[X, X», ..., X,]. Since
& is physical, Pg is a vector of polynomials in R[Xy, X», ..., X,]. Therefore,
Vi = Jac(Vk—1)Pg is a vector of polynomials in R[ X1, X7, ..., X,]. This estab-
lishes the claim.

We have proved that f® = Vi o f on £2 and g% = V; o g on £2’. Since, by
assumption, fo € £2 N 2’ and f(to) = g(to), it follows that f® (r9) = g® (10).
Therefore, fori = 1,2,...,n, f; and g; have the same Taylor series around #.
Fori = 1,2,...,n, let a; be the radius of convergence of the Taylor series of f;
around f. Let 7y = min;e(1 2, ») a;. Define r, similarly. Let D C £ N £2” be some
non-empty open disk centered at 7o with radius » < min(ry, rg). Since §2 and £’
are open sets and 7y € £2 N §2’, such a disk must exist. Letting I = (fg — r, tg + r)
completes the proof of 1.

By assumption, f(f)) € R”, and we have proved that f® = V; o f and Vj
is a vector of polynomials in R[Xy, X», ..., X,]. It follows that f(k)(to) e R".
Therefore, fori = 1, 2, ..., n, all coefficients in the Taylor series of f; around fq are
real. It follows that f; is real valued on /, completing the proof of 3.

The next lemma is a kind of uniqueness result. It shows that if two &-processes
evaluate to the same real point at O then they must agree and be real-valued on
every open interval containing 0 where both are defined. The proof uses continuity
to extend the result of Lemma 1.

Lemma 2 Let & be a finite, physical event-system of dimension n, let 2, 2" C C
be open and simply-connected, let f = (f1, f2, ..., fn) be an &-process on 2 and
let g = (g1, 82, ...,8n) bean &-process on 2'. If0 € 2 N 2" and f(0) € R" and
f(0) = g(0), then for all open intervals I € 2 N 2’ N R such that 0 € I, for all
tel, f(t) =g(t)and f(t) € R™.

Proof Assume there exists an open interval I € £ N 2’ N R such that 0 € [
and B = {t € I|f(t) # g(t) or f(t) € R"} # &. Let Bp = BN R>q and let
By = BN R_g. Note that B = Bp U By, hence, Bp # @ or By # &. Suppose
Bp # @ and let tp = inf(Bp). By Lemma 1, there exists an € € R. such that
(—e,e) N B = . Hence, tp > ¢ > 0. By definition of ¢7p, for all € [0, tp),
f(@) = g(t)and f(t) € R". Since f and g are analytic at ¢p, they are continuous at
tp.Therefore, f(tp) = g(tp)and f(tp) € R". By Lemma I, there existsane’ € R.q
such that for all t € (tp — &', tp + &), f(t) = g(t) and f(r) € R", contradicting
tp being the infimum of Bp. Therefore, Bp = &. Using a similar agument, we can
prove that By = @. Therefore, B = &, and for all t € I, f(tp) = g(tp) and
f@p) e R".

The next lemma is a convenient technical result that lets us ignore the choice of
origin for the time variable.
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Lemma 3 Let & be a finite, physical event-system of dimension n, let §2, Qcc
be open and simply connected, let f = (f1, f2, ..., fa) be an &-process on §2 and
let f = (fi. fa...., fa) bean &-processon 2. Letu € 2 and it € 2 and o € R".
Let I C R be an open interval. If

l. fw)= f@)=aand
2. 0eland _
3. foralls e l,u+s e Qandu+s € $2

thenforallt € I, f(u+1) = f@i +1).

Proof Suppose f(u) = f(ii) =a e R". Let 2, = { € C |u+z € 2} and 2; =
{zeClu+ze R} Leth=(hi, ha,..., hy) wherefori =1,2,... n, h 2, —

C is such that for all z € £, hi(z) = fi(u + z) and leth = (h1 /’lz, ..., h,) where
fori = 1,2,...,n, hi:2; — C is such that for all z € 25, hi(z) = f;(ii + 2).
Since u + z is dlfferentlable on £2, and fori = 1,2,...,n, f; is differentiable
on 2, it follows that for i = 1,2, ..., n, h; is differentiable on £2,. Further, for

i=1,2,...,nforall z € 2,, hi(2) = f/(u+2) = pe(fi(u +2)) = pshi(z)),
so his an &-process on §2,,. Similarly, hisan & -process on [5,; Note that0 € £2, ﬂf?,;
because u € £2 and i € £2 and that h(0) = h(0) = « because f(u) = f(ﬂ) = qa.
By Lemma 2, for all open intervals I € £2, N .6,; N R suchthat0 € I, forallt € I,
h(t) = h(t),s0 f(u+1) = f(ii +1).

Because event-systems are defined over the complex numbers, we have access
to results from complex analysis. However, there is a considerable body of results
regarding ordinary differential equations over the reals. Definition 18 and Lemma 4
establish a relationship between &-processes and solutions to systems of ordinary
differential equations over the reals.

Definition 18 (Real event-process) Let & be a finite, physical event-system of

dimension n. Let (Py, P2,...,Pn)T = pg. Let I C R be an interval. Let
h=<{(ht,hy,...,h,) where fori =1,2,...,n,h;:R — Risdefined on /. Then i
is a real-&-process on [ iff fori = 1,2,..., n:

1. hj existson I.
2. hi=Pohonl.

Lemma 4 (All real-&-processes are restrictions of &-processes) Let & be a fi-
nite, physical event-system of dimension n. Let I C R be an interval. Let h =

(h1, ha, ..., hy) be a real-&-process on 1. Then there exist an open, simply-
connected §2 C C and an &-process f on $2 such that:
1. 1 C$

2. Forallt €1:f({t)=h().

Proof Let P = (P1, P>,..., P,) = Pg.Fori =1,2,...,n, P; is apolynomial and
therefore analytic on C". By Cauchy’s existence theorem for ordinary differential
equations with analytic right-hand sides [12], for all a € I, there exist a non-empty
open disk D, € C centered at a and functions f, 1, fa.2, .-, fa.n analytic on D,
such thatfori =1,2,...,n
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. fai(a) = hi(a)
2. f; exists on D, and forall 7 € Dy: f) ,(t) = Pi(fa,1(0), fa2(0), ..., fan(D)).
That1s fa = (fa1, fa2,---s fan) 1S ané’ -process on D.

Claim For all a € I, there exists , € R~q such that forallt € I N (a — §4,a +
0a): fa(t) = h(t). To see this, by Lemma 1, for all a € I there exists 3, € R~ such
that forallt € (a — By, a+ By) N Dy, fa(t) € R Let 1, = (a — By, a+ Ba) N Dg.
Note that f,|1, is a real-&-process on 1,. By the theorem of uniqueness of solutions
to differential equations with ¢! right-hand sides [8], there exists v, € R such
that for all t € (a — vg,a +v,) N1, NI, f,(t) = h(t). Clearly, we can choose
0q € Rog such that (a — 64, a + 84) C (@ — Ya, a + Vq) N 1. This establishes the
claim.

Foralla € 1,leté, € Rogbesuchthatforallr € IN(a—0d,, a+d,): f,(t) = h(t).
Let D, be an open disk centered at a of radius ¢,.

Clalm Forallal,az el, forallt € Da] ﬁDa2 fa1 (1) = fa2 (t). To see this, suppose
Dal N Da2 * . LetJ = Da1 N Da2 NR. Since Da1 and Da2 are open disks centered
on the real line, J is a non-empty open real interval. For all t € J, by the claim
above, fq,(t) = h(t) and [y, (t) = h(t). Hence, fq,(t) = fa,(t). Since J is a non-
empty interval, J contains an accumulation point. Since fq, and f,, are analytic on
5u, ﬂﬁuz and 541 ﬂﬁaz is simply connected, forallt € Ba] ﬂﬁazt Ja, (1) = fo, (0).
This establishes the claim.

Let2=J
open.

For all + € 2, there exists a € [ such thatt € 5a. Since l/)\a is a disk, 7 and a
are path-connected in £2. Since [ is path-connected, and I C §2, it follows that £2 is
path-connected.

To see that §2 is simply-connected, consider the function R: [0, 1] x £2 — £
givenby (u, z) — Re(z)+i Im(z)(1—u). Observe that R is continuous on [0, 1] x £2,
and forall z € £2: R(0,z) =z, R(1, 2) C £2,and forallu € [0, 1], forallz € 2N
R: R(u, z) € §2. Therefore, R is a deformation retraction. Note that R(0, £2) = £2
and R(1, £2) € R, and §2 is path-connected together imply that R(1, §2) is a real
interval. Hence, R(1, §2) is simply-connected. Since R was a deformation retraction,
£2 is simply-connected.

Let f:£2 — C”" be the unique function such that for all @ € I, for all ¢t €
5u: f(@) = f,(). By the claim above and from the definition of £2, f is well-
defined.

Observe that forall t € I,

acl D, Clearly, I C £2. £2 is a union of open discs, and is therefore

h(t) = f;(t) (Definition of f;)
= f(t) (I C $2 and definition of f).

Claim f is an &-process on £2. From the definitions of 2 and f, for all t € £2,
there exists a g\l such thatt € D, and forall s € D,, f(s) = fu(s). Since f, is an
&-process on Dy, the claim follows.
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In Theorem 4, we prove that if & is a finite, physical event-system, then &-
processes that begin at positive (respectively non-negative) points remain positive
(respectively non-negative) through all forward real time where they are defined. In
fact, Theorem 4 establishes more detail about &-processes. In particular, if at some
time a species’ concentration is positive, then it will be positive at subsequent times.

Theorem 4 Let & be a finite, physical event-system of dimension n, let 2 C C be
open and simply-connected, and let f = {f1, f2, ..., fu) be an &-process on S2.
If I € 2 NRxg is connected and 0 € I and f(0) is a non-negative point then for
k=1,2,...,n either:

1. Forallt €I, fx(t)=0,o0r
2. Forallt € I "R, fr(t) € Rop.

The proof of Theorem 4 is highly technical, and relies on a detailed examination
of the vector of polynomials ps. This allows us to show (Lemma 7) that if f =
(f1, f2, ..., fn) is an &-process that at real time £y is non-negative, then each f; is
“right non-negative.” That is, the Taylor series expansion of f; around #y has real
coefficients and the first non-zero coefficient, if any, is positive. Further, (Lemma 9)
if fi(to) = 0 and its Taylor series expansion has a non-zero coefficient, then there
exists k such that fi(fo) = 0 and the first derivative of f; with respect to time is
positive at #g.

Definition 19 Letn € Z.gandletk € {1,2,...,n}. Apolynomial f € R[X, X»,
..., X1 is non-nullifying with respect to k iff there exist m € N, c1,c2,...,cm €
Reo, My, M2, ..., M,, € Mix, x,,...x,} and h € R[Xy, X, ..., X,;] such that
f= szzl ciM; + Xih.

,,,,,

Observe that for all &, the polynomial 0 is non-nullifying with respect to k.

Lemma 5 Let & be a finite, physical event-system of dimension n. Let (P, Py, ...,
P,) = pg. Then, foralli € {1,2,...,n}, P; is non-nullifying with respect to i.

Proof Let m = |&|. Let (vji)mxn = Ig. Since & is physical, there exist
01,02, ..y Omy, T1,» T2, ..., Tm € Rog and My, M>, ..., M,,, N\, N>, ..., N,,, €
Mo suchthatfor j = 1,2,...,m: M; < Nj and {o1 M1 — 71 N1, 02 M2, ToN>, . . .,
omMy, — TNy} = &. Leti € {1,2,...,n}.

From the definition of p e, P; = 27’21 v;,i(c;M;—7;N;).Itis sufficient to prove
thatfor j =1,2,...,m:v;;(0;M; — 7;N;) is non-nullifying with respect to i. Let
Je{l,2,...,m}.Ifvy;; =0then~;;(0c;M; — 7;N;) = 0 which is non-nullifying
with respect to i. If v; ; > 0 then, from the definition of I'¢, X; | N; and

N.
i(@;Mj = TiN}) =710 Mj + X; (—7/‘,1‘717’_)
1

which is non-nullifying with respect to i since v; ;o ; > 0. Similarly, if v; ; < O then
X;|M; and
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M;
j.i(0jMj = TiNj) = =7iTiNj + Xivjioj 2=
1

which is non-nullifying with respect to i since —v;;7; > 0. Hence, P; is non-
nullifying with respect to i.

Definition 20 Letzy € C,let f: C — Cbeanalyticatsgandlet f (1) = > 22 ck(t—
10)* be the Taylor series expansion of f around 7y. Then O(f, 1o) is the least k such
that ¢ # 0. If for all k, ¢y = 0, then O (f, tp) = oo.

Definition 21 (Right non-negative) Let tg € R, let f: C — C be analytic at #p and
let f(r) = z,fozo cx(t — 1o)X be the Taylor series expansion of f around fy. Then f
is RNN at tg iff both:

1. Forallk € N, ¢; € R and
2. Either O(f, t9) = 0o or co(f,1) € Rxo.

Lemma 6 Lettg € C. Let f, g: C — C be functions analytic at ty. Then:

L. O(f-g.10) = O(f 10) + O(g, to).
2. Ifty € Rand f, g are RNN at tg then f - g is RNN at t.

The proof is obvious.

Lemma 7 Let & be a finite, physical event-system of dimension n, let 2 C C be
open and simply-connected and let f = (f1, f2, ..., fn) be an &-process on §2. For
allto e 2 NR, if f(ty) € R;o then fori = 1,2,...,n: f; is RNN at ty.

Proof Suppose to € 2 NRand f(tp) € RL . Let p = (P1, P2, ..., Py) = pg. Let
C = {i|f; is not RNN at #p}.

For the sake of contradiction, suppose C # @. Let m = min;ec O(f;, tp). Let
k € C be such that O(fi,t9) = m. Let fi(t) = >0y ai(t — 1))’ be the Taylor
series expansion of f; around f#y. Since & is physical and #o € R and f(fp) € RZ,
it follows from Lemma 1.2 that for all i € N, a; € R. Further:

ap=ar=-=au-1=0 (O(fi,t0) =m.) (1.2)
am € Roog (fr isnot RNN at #j.) (1.3)

Since f(ty) € R’éo and a,, € R_g and ap = fx(tp), it follows that m > 0.
Consider f{ = Py o f. By differentiation, the Taylor series expansion of f at o
is:

o0
R® =D+ Daigi(t — 1)’ (1.4)
i=0
From Lemma 5, Py is non-nullifying. Hence, there exist! € N, by, b>, ..., b € Ry,

My, My, ...,M; € Mix, x,,..x,} and h € R[Xy, Xo,..., X,;] such that P, =
> 1b;M;+ X; - h.Then forall t € 2:
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!
fi@®) = Peo f(t) = ijMj o f(1) + fi(®) - (ho f(1)) (1.5)

j=1

Since A is a polynomial, 4 o f is analytic at #g. Therefore, fj - (ho f) is analytic at
to. Let Z?io ci(t—to)! bethe Taylor series expansion of fi-(ho f) at . Similarly, for
J=12,...,1,bjMjo f is analytic at 1. Let Z?io dji(t— fo)! be the Taylor series
expansion of b; M o f at ty. From (1.4), (1.5), equating Taylor series coefficients,
fori =0,1,...,m —1:

I
i+ Daipi=ci+ Y dj (1.6)
j=1

From Lemma 6.1,
O(fic- (ho f),10) = O(fi,10) + O(ho f,t0) = O(fi,t0) =m
Hence,
co=ci=--=cpu_1 =0. (1.7)

From (1.2), (1.6), (1.7),fori =0,1,...,m —2:

1
> dji=0 (1.8)
j=1

Since m > 0, from (1.3), (1.6), (1.7):

l

> djm—1 =man € R (1.9)
j=1

Letip =minj—1 5, /{Ob;jM; o f,ty)}. From (1.9), it follows thatiyp < m — 1.

Case 1: For j = 1,2,...,1l:dj;, € R>¢. From the definition of iy it follows that
lezl dji, € Roo.Ifig < m—1, this contradicts (1.8). If ip = m — 1, this contradicts
(1.9).
Case 2: There exists jo € {1,2, ..., [} suchthatdj, ;, € R.o. From the definition of
io, O(bjyMj,, to) = i9p < m — 1. Therefore, for eachi such that X;|M;,, O(f;, o) <
m — 1. From the definitions of C and m, this implies that for each i such that X;|M j,,
fi is RNN at 9. Since b, € R, it follows that bj, M, o f is a product of RNN
functions. Hence, by Lemma 6.2, b;yM;, o f is RNN at 7y and dj, ;, € R.o, a
contradiction.

Hence, fori = 1,2, ...,n, f; is RNN at 7.
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Lemma 8 Lettg € R and let [ be a function RNN at ty. There exists an € € R-
such that either forallt € (1o, to+<), f(t) € Rogorforallt € (to, to+¢<), f(t) =0.

Proof Letm = O(f, ty). If m = oo, f is identically zero and the lemma follows
immediately. Otherwise, let £ denote the mth derivative of f. Since f is RNN
at fo and has order m, £ (ty) € R-o. Since f is analytic at zy, £ is analytic at
to, and hence continuous at #y. By continuity, there exists € € R ¢ such that for all
T € [tg, to +€]: f(’") (1) € R.¢. From Taylor’s theorem, for all # € (1, 9 + ¢), there
exists 7 € [tg, o + €] such that:

ri =0 oy
m:

Therefore, f(z) € R.y.

Note that Lemmas 7 and 8 together already imply that if & is a finite, physi-
cal event-system, then &-processes that begin at non-negative points remain non-
negative through all forward real time where they are defined. This result is weaker
than Theorem 4.

Lemma9 Let & be a finite, physical event-system of dimension n, let 2 C C
be open and simply-connected, let f = (f1, f2,..., fu) be an &-process on S2.
Let ty € $2. If f(to) is non-negative and there exists j € {1,2,...,n} such that
0 < O(fj. 1) < oo then there exists k € {1, 2, ..., n} such that O(fi, 1) = 1.

Proof Suppose f(tg) € RL,. Let C = {i|0 < O(f;, ) < oo}. Suppose C # .
Let m = min;ec O(f;, tp). There exists k € C such that O (fi, ty) = m.

Let p = (P, P>,..., P,) = pg. From Lemma 5, P; is non-nullifying with
respect to k. Hence, there exist [ € N, by, by, ..., by € Rog, M|, M>, ..., M) €
M(x, X,....x,) and h € R[X|. X5, ..., X,] such that Py = 3" _, b;M; + X; - h.

.....

Forall t € £2: fk/(t) = Pro f(t) = le:l biMjo f(t) + fx(@) - (ho f(1)).
From Lemma 6.1, O(fi - (ho f), to) = O(fx,t0) + O(ho f,t9) > O(fx,ty) = m.
It follows that:

l
m—1=0(f,100)=0 ZbJ-Mjof,to (1.10)
j=1

From Lemmas (6.2) and Lemma 7, for j = 1,2,...,1: bjM; o f is RNN at
fo. It follows that O(3_%_ b;M; o f.19) = minj—y...; O(b;M; o f.1). From
Eq. (1.10), m — 1 = min;—1»,.; O(b;jM; o f, o). Hence, there exists jo such
that O(bjyMj, o f,t) = m — 1. From Lemma (6.1), for all i such that X;|Mj,,
O(fi, t9) < m—1.Fromthe definition of m, for all such that X; |M j,, O(f;, to) = 0.
It follows thatm — 1 = O(bj,Mj, o f,tp) = 0. Hence, m = 1.

We are now ready to prove Theorem 4.
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Proof (Proof of Theorem 4) Suppose I C §2 N Rx¢ is connected and 0 € [ and
f(0) is a non-negative point. If I N R.¢ = &, the theorem is immediate. Suppose
I NR.y # 2.

It is clear that for all k, O(f;,0) = oo iff forallz € I, fi(t) = 0. Let C = {i |
O(fi,0) # oo}. From Lemmas 7 and 8, for all k € C, there exists ¢, € I N R-g
such that for all # € (0, ex): fx(t) € Roo.

Suppose for the sake of contradiction that there existi € C and ¢t € I NR.g
such that f;(r) ¢ R.o. From Lemma 2, f;(t) € R. Since f;(¢;/2) € R.o and
fi(#) € R<p, by continuity there exists t' € I N R such that f; (") = 0.

Let ro = inf{r € I N R~ | There exists i € C with f;(z) = 0}. It follows that:

1. tp € R because fp > min;cc{s;}.

2. f(tp) € RL), from the definition of 7.

3. There exists i1 € C such that O(f;,,t)) = 1. This follows because there exist
ip € Cand T € I NRR.g such that 7p = inf(T) and forallt € T: f; (r) = 0.
By continuity, f;,(f9) = 0. Hence, O(f;,, to) > 0. Since iy € C, O(f;,,0) #
o0. By connectedness of I, O(f;,, to) 7 oo. Therefore, 0 < O(f;,, to) < o°.
Since f(f)) € RZ,, by Lemma (9), there exists iy € {1,2,...,n} such that
O(fi;,t0) = 1. Assume i ¢ C. Then O(f;,,0) = oo. By connectedness of /,
O(fi,, to) = oo, contradicting that O( f;,, tp) = 1. Hence, i| € C.

Hence, f;, (o) = 0. Since (%) € ]R’éo, by Lemma (7) fl’1 (t9) € Royp.

From the definition of 7y, for all # € (0, 1), fi, (t) € R-¢. Since #p € R,

Ji,(to) — fi,(to —h) . —fi,(to — h)
= Iim —
h h—0F h

fl (t9) = lim € R,
h—0F

a contradiction. The theorem follows.

There is a notion in chemistry that, for systems of chemical reactions, concentra-
tions evolve through time to reach equilibrium. In later sections of this chapter, we
will investigate this notion. In the remainder of this section of the chapter, we will
prepare for that investigation.

Definition 22 Let & be a finite event-system of dimension n, let 2 € C be open,
simply connected and such that R>g € £2, let f be an &-process on £2, and let
g € C". Then ¢ is an w-limit point of f iff for all € € R. ¢ there exists a sequence
of non-negative reals {#;};,cz_, such that #; — oo asi — oo and for all i € Zo,
/@) —qll2 <e.

Sometimes, an w-limit is defined by the existence of a single sequence of times
such that the value approaches the limit. The above definition is easily seen to be
equivalent.

Definition 23 Let & be a finite event-system of dimension n and let S € C”". S is
an invariant set of & iff for all g € S, for all open, simply-connected 2 < C, for
all &-processes f on £2,if 0 € £2 and f(0) = g then for all + € R such that
[0,1] € £2, f(tr) € S.
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Lemma 10 Let & be a finite, physical event-system of dimension n, let 2 C C be
open and simply connected, and let f be an &-process on §2. If R>o € §2 and f(0)
is a non-negative point, then the set of all w-limit points of f is an invariant set of &
and is contained in R ,.

Proof Let S be the set of all w-limit points of f. By Lemma 4, for all # € Ry,
f(@) e RY ), hence S C RY.

Letg € S, let 2 CChbe open, simply-connected, and such that 0 € 2, and let h
be an &-process on £2 such that 2(0) = g. Suppose u € R>¢ and [0, u] € 2. Since
& is finite and physical, pe|rs can be viewed as amap f:R" — R” of class €. By
Lemma 2, forallt € [0, u], h(t) € R", so hl[o,, can be viewed as amap X: [0, u] —
R" such that X" = f(X). By Hirsch [8, p. 147], there exists a neighborhood U C R"
of ¢ and a constant K such that for all & € U, there exists a unique real-&-process
Pa defined on [0, u] with p,(0) = aand || po (1) —h(u)]2 < K|laa—q]l2 exp(Ku).
Observe that necessarily K € R>o. By Lemma 4 for all @« € U there exists an open,
simply-connected §2, € C and an &-process pq on §2,, such that [0, u] C §2, and for
allz € [0, u], pa(t) = pa(t). Therefore, || pa(u) —h()ll2 = K|l —gll2 exp(Ku).

Lete € R and let 01, 6 € R be such that Kd; exp(Ku) < ¢ and the open
ball centered at ¢ of radius ¢, is contained in U. Let 6 = min(dy, d,). Since ¢ is an
w-limit point of f, there exists a sequence of non-negative reals {#;};cz_, such that
t;i > ocasi — ooand foralli € Z-o, | f(#) — qll2 < 6. Then for all i € Z-y,
f(t) e U,soby Lemma3forallt € [0,u], f(t; +1) = pf(,i)(t). Then

I £t +u) —hll2 = 1p g @) —h@)l:2
< K| f () — qll2 exp(Ku)
< Kdexp(Ku)
<e

Thus A (u) is an w-limit point of f, so S is an invariant set of &.

1.5 Finite Natural Event-Systems

In this section, we focus on finite, natural event-systems—a subclass of finite, phys-
ical event-systems which has much in common with systems of chemical reactions
that obey detailed balance.

In chemical reactions, the total bond energy of the reactants minus the total bond
energy of the products is a measure of the heat released. For example, in the reaction,
0X2 —7X1,1n (%) is taken to be the quantity of heat released. If there are multiple
reaction paths that take the same reactants to the same products, then the quantity of
heat released along each path must be the same.

The finite, physical event-system & = {2X, — X1, X2 — X} does not behave like
a chemical reaction system since, when X is converted to X by the first reaction,
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In (2) units of heat are released; however, when X is converted to X by the second
reaction, In (1) = O units of heat are released. When an event-system admits a pair
of paths from the same reactants to the same products but with different quantities
of heat released, we say that the system has an “energy cycle.”

Definition 24 (Energy cycle) Let & be a finite, physical event-system. & has an
energy cycle iff G » has a cycle of non-zero weight.

Example 7 For the physical event-system &1 = {2X> — X1, X2 — X1}, the event
X7 — X1 induces an edge (X5, X1) in the event graph with weight In (%) = 0.
The event 2X> — X induces an edge (X, X») with weight — In (%) = —In(2).
The weight of the cycle from X; to X and back to X, using these two edges, is
—1In (2) # 0. Hence, &7 has an energy cycle by Definition 24.

Example 8 For the physical event-system &> = {X» — X, 2X3X4— X2 X3, X4X5—
X1Xs5}, the cycle (X3X4X5, X2X3X5, X1X3X5, X3X4X5) is induced by the se-
quence of events 2X3X4 — X2 X3, Xo — X1, X4X5 — X1 X5 and has corresponding
weight In % +In % +1In % = In (2) # 0. Hence, &> has an energy cycle.

The following theorem gives multiple characterizations of natural event-systems.

Theorem 5 Let & be a finite, physical event-system of dimension n. The following
are equivalent:

1. & is natural.

2. & has a strong equilibrium point that is not a z-point. (i.e. there exists o € C"

such that foralli = 1ton, o; # 0and foralle € &, e (o) =0.)

& has no energy cycles.

4. If & ={o1M — N1, 00M> — N2, ..., 0 My — Ty Ny} and forall j =1 to
m, Mj < Njandoj,7; > 0 then there exists o € R" such that

T
Fga=<ln(2),...,ln(o—m)> .
T1 Tm

To prove Theorem 5, we will use the following lemma.

»

Lemma 11 Let& = {o\M|—71Ny,00My—12Na, ..., 0m M,y — T Ny} be afinite,
physical event-system of dimension n such that for all j = 1tom, o, 7; > 0 and

M; < N;. Then forall o = (a1, az, . .., a)T e R,
o1 op) o r
rg.a=<m(_) 1(_)1(_m)>
1 T2 Tm
iff (e, -+, e™) is a positive strong & -equilibrium point.

Proof Let & = {oM| — 1|N1,00M> — N>, ...,0m,My, — 7, Ny} and for all
j=1ltom,M; < Njando;,7; > 0.Let]’ = I'g.Foralla = (ay, ..., a,) € R",
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T
Fa=<ln(ﬂ) ,ln<2),...,ln(0—m)>
T1 2 Tm

@Zyj,a, ln O']/T]) Vi=1,2,....,m

& H (e“")””' =o0j/7j, Vj=1,2,...,m (Exponentiation.)
i=1
SNj (e, ..., e™) /M ((e™,....e")) =0j/7j, ¥Vj=1,2,....m
(Definition of I'.)
SoiM; ((e‘“,...,ea")) —T;N; ((eo“,..., O"’)) =0,Vj=12,...,m
& (€1, ..., e™)is a positive strong &-equilibrium point.

Proof (Proof of Theorem 5) (4) = (1) : Follows from Lemma 11.
(1) = (2) : Follows immediately from definitions.

2)=0):

Consider an arbitrary cycle € in G ¢ given by the sequence of k edges {{vo, v1), (v1,
v2), ..., (Vgk—1, Vk = vo)} with corresponding weights ry,r, ..., k. By Defini-
tion 9,fori =1,2,...,k,thereexist T; € My, and ¢; € & withe¢; = o;M; — 7; N;

where o;, 7; > 0 and M,, N; € My and M; < N such that either
(Dvi_1 =T;M; and v; = T; N; and r; = ln € w ((vj—1, v;)) or
2)vi_1 =T;N;andv; = T;M; and r; = —1n e w ((vi—1, vi))
Hence, there exists a vector b = (b, by, .. bk) with b; = 0 or 1 such that:

k k
bi xr1-b; 1=b; »/b;
I IMi N, = I IMl. N; (1.11)

k k
w(@=>r=> @b~ (2) (1.12)
i=1 i=1 Ti

Let «v be a strong equilibrium point of & that is not a z-point. Then, by Definition 7,

fori =1tok,o;M; (o) — i N; () =0

= oiM; (o) = 7;N; (o) fori = 1tok

= (0;M; ()" = (1;N; (@) and (;N; (@)™ = (01 M; ()" fori = 1 tok

= (0 M; ()" (1 N; () ™% = (0:M; ()" ™" (i Ni (@) for i = 110 k

= [Ti=) (i M (@)% (7 Ni (0))' =% =TT, (0 Mi (@))% (7 N ()"

= Hf 1 o;bim =0 = Hf‘(:r o;'7Pi7;b [From Eq. (1.1) and since « is not a z-point]
by . 1-b;

= [T, W—[b =1

= >k @b — l)ln( ) — 0 [Taking logarithm]

= w (%) = 0 [From Eq. (1.2)]

Hence, & has no energy cycle.

B)=@):
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Let & = {o1M| — TI{N{,00My — N3, ..., 0mMy, — Ty Ny} and for all j = 1 to
m,Mj < Njando;, 7; > 0.Let I' = I'e. We shall prove that if the linear equation
I'a = (In(o1/71),...,In(0,m/7m))T has no solution in R” then & has an energy
cycle. For j = 1tom, let I'; be the jth row of I". If the system of linear equations
Ta = (In(o1/71),...,In(6,u/mm))" hasnosolution in R” then, from linear algebra
[13, p. 164, Theorem] and the fact that I" is a matrix of integers, it follows that there
exists /, there exist (not necessarily distinct) integers ji, j2, ..., ji € {1,2,...,m},
there exist ay, a», ..., a; € {+1, —1} such that:

a\lj, +axlj, +---+al; =0 (1.13)
ailn (Ujl/le) 4+ azIn (ajz/sz) +--+aln (O'jl/le) #0 (1.14)

Consider the sequence € of [ 4 1 vertices in the event-graph defined recursively
by

vo = H M]t H N]t

i=1,a;=+1 i=l,a;=

and fori = 1to/,

Observe that by (3),
1 a;
N._ i
() =
i=1 Ji
Hence,
1 1
=[] M} H N“’: | H M“’:
i=l,a;=+1 i=1l,a;= i=1,a;=+1 i=l,a;=

Hence % is a cycle. Further, fori = 1 to [,
a; ln € w ((vi—1, v;))
From Eq (1.4),

w (%) =arln (Uj, /le) +azIn (ajz/sz) +--4aln (O'jl/le) #0
Hence, % is an energy cycle.

Horn and Jackson [10] and Feinberg [5] have proved that chemical reaction
networks with appropriate properties admit Lyapunov functions. While finite, nat-
ural event-systems are closely related to the chemical reaction networks consid-
ered by Horn and Jackson and by Feinberg, they are not identical. Consequently,
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we will prove the existence of Lyapunov functions for finite, natural event-systems
(Theorem 7).

The Lyapunov function is analogous in form and properties to “Entropy of the
Universe” in thermodynamics. The Lyapunov function composed with an event-
process is monotonic with respect to time, providing an analogy to the second law
of thermodynamics.

Definition 25 Let & be a finite, natural event-system of dimension n with positive
strong &-equilibrium point ¢ = {cy, ¢2, ..., ¢,). Then g¢ i R” ; — R is given by

gs.c (X1, X2, . X)) = D (i (In(x) — 1 =T (c)) + ¢)
i=1

The function g¢ . will turn out to be the desired Lyapunov function.

Note that if &1 and & are two finite natural event-systems of the same dimension
and if ¢ is a positive strong &1-equilibrium point as well as a positive strong &>-
equilibrium point, then the functions g¢, . and g, . are identical.

Lemma 12 Let& = {o\M|—7{Ny,00My—1 N2, ..., 0y My —Tim Ny} be afinite,
natural event-system of dimension n with positive strong & -equilibrium point c, such
that forall j =1tom, 0j,7j > 0and M; < N;. Then for all x € R';O,

m N (x)
Vg (x)- Pe(x) = ; (0;M; (x) —7;N; (x)) In (%)

Proof Letg = gg .. Letx = (x1,x2,...,x,) € RL ;. Let P = Pg.
n ag
Vex) Px)=> (— x)- P, (x))
= \Oxi
n

= Zln ()CC—Z) Z’Yj,i (oM (x) = T;N; (x))

i=1 j=1

=2 (0;M; (x) = 7iN; (1)) D In (C’L) N)
n N\ Vi
(0jMj (x) = 7jN; (x)) In (H (z_l) )

i=1 N!

~
I

Il
M=

1

~.
I

Il
M=

(oM} () = 73N} (1)) In (M)

ojM; (x)

~.
I
—_

The last equality follows from the definition of 'y and the fact that c is a strong-
equilibrium point.
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Lemma 13 Forall x € R.g, (1 — x)In (x) < 0 with equality iff x = 1.

Proof f 0 < x < lthenl —x > OandIn(x) < 0. If x > lthenl —x <
0 and In(x) > 0. In either case, the product is strictly negative. If x = 1 then
(1=x)In(x)=0

Theorem 6 Let & be a finite, natural event-system of dimension n with positive
strong &-equilibrium point c. Then for all x € R”;, Vge . (x) - Pe (x) < 0 with
equality iff x is a strong &-equilibrium point.

Proof Let & = {o1M| — TI1N1,00My — N2, ..., 0mM,, — Ty Ny} be a finite,
natural event-system of dimension n with positive strong &-equilibrium point c,
such that for all j = 1tom, oj,7; > 0 and M; < N;. Let P = Pg and let
g = g¢.- By Lemma 12, forall x € RY ),

m

Tij (x)
Vg(x) - P(x) = ,Z;‘ (oM (x) = 7jN; (x)) In (W
From Lemma 13 and the observation that for j = 1,2,...,m, M; (x), N; (x) >0
when x € R” ; and by assumption o, 7; > 0, we have,

Vg(x)-P(x)<0

with equality iff forall j =1,2,...,m, 0;M; (x) = 7;N; (x). This occurs iff x is
a strong &-equilibrium point.

Recall that a function g is a Lyapunov function at a point p for a vector field V
iff g is smooth, positive definite at p and Ly g is negative semi-definite at p [11,
p. 131]. For a finite natural event-system &, Pe induces a vector field on R". We
will show that, if ¢ is a positive strong & -equilibrium point, then g« . is a Lyapunov
function at ¢ for the vector field induced by Pg.

Theorem 7 (Existence of Lyapunov Function) Let & be a finite, natural event-system
of dimension n with positive strong &-equilibrium point c. Then g¢ . is a Lyapunov
function for the vector field induced by Pg at c.

Proof Letg = gg .. Fori =1,2,...,n:

98 (%
8)(,' o Ci

which are all in €*° as functions on R’;O, hence g is in €.

g ci
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establishes that Vg (¢) = 0. Fori =1,2,...,n,fork=1,2,...,n:

g dik
OxrOx; X

where 0; 1 is the Kronecker delta function. Hence, for all x € R’;O, the Hessian of g
at x is positive definite. Therefore, g is strictly convex over R’io. Further, g (¢) =0
and Vg (c) = 0 and g is strictly convex together imply that g is positive definite
at c. To establish g as a Lyapunov function, it remains to show that the directional
derivative L,g of g in the direction of the vector field induced by P = Pg is
negative semi-definite at c. This follows from Theorem 6 since for all x € R”,
Lpg(x) =Vgx)-P(x)=<0.

Henceforth, the function g . will be called the Lyapunov function of & at c.
The next theorem shows that finite, natural event-systems satisfy a form of “detailed
balance.”

Theorem 8 If & is a natural, finite event-system of dimension n then all positive
&-equilibrium points are strong & -equilibrium points.

Proof Let P = Pg. Let c € R, be a positive strong &-equilibrium point. Let x be
a positive &-equilibrium point. That is, P(x) = 0. Hence, Vgg . (x) - Pg (x) = 0.
By Theorem 6, x is a strong & -equilibrium point.

The following lemma was proved by Feinberg [5, Proposition B.1].

Lemma 14 Let n > 0 be an integer. Let U be a linear subspace of R", and let
a = {(ay,az,...,ay) and b be elements of R’io. There is a unique element y =
(fh1s 2, =+ + , ) € U~ such that (areft, azet2, ... apet)y — b is an element of U.

The next theorem follows from one proved by Horn and Jackson [10, Lemma 4B].
Our proof is derived from Feinberg’s [5, Proposition 5.1].

Theorem 9 Let & be a finite, natural event-system of dimension n. Let H be a
positive conservation class of &. Then H contains exactly one positive strong & -
equilibrium point.

Proof Let I' = I'e. Let ¢* = (c},c3, ..., c;) be a positive strong &-equilibrium
point. Let P € H NRZ . Forall c € R,

(1) ¢ is a strong & -equilibrium point
& I(In(cr), In(c2), ..., In(cy))T = I'(In(c}), In(c}), ..., In(c}))”. (Lemma 11)

¢>F<1n(§—%),ln(z—g),...,ln(ﬁ—%)y:0

& There exists u = {f1, 42, ..., n) € ker I’ N R" such that (In (‘—L),
1

C
ln(%),...,ln(i—%))Tzu.
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& There exists u = (u1, pi2, ..., ptn) € ker I' N R" such that ¢; = cfe! for
i=1,2,...,n

2 ce HNR" & ¢ — P e (ker )T NR". (By Definition 17)

From (1) and (2), ¢ is a positive strong &-equilibrium point in A iff there exists y €
ker I'NR" such thatc = (cfe!!, cjel2, ..., cjreln) and( Teft, cret?, L, cpetn) —
P € (kerIM)* N R Applymg Lemma 14 with a = ¢*,b = P and U =
(ker I )J- N R", it follows that there exists a unique g of the desired form. Hence,
there exists a unique positive strong &-equilibrium point in H given by ¢ =
(cTel, c3el?, ..., creln).

To prove the main theorem of this section (Theorem 10), we will first establish
several technical lemmas.

Lemma 15 shows that an event that remains zero at all times along a process can
be ignored.

Lemma 15 Let & be a finite event-system of dimension n, let 2 C C be non-empty,
open and simply-connected, and let f = (f1, f2, ..., fn) be an &-process on S2.

Then either for all t € §2, f(t) is a strong &- eqmllbrmm point or there exist a finite
event-system & of dimension n < n, an &- -process f fl, fz, .. f”) on $2, and
a permutation won {1,2, ..., n} such that:

1. If & is physical then A@‘g is physical.

2. If & is natural then & is natural.

3. Ifc={c1,c2,...,Ccn)isa positive strong cg’—equilibriu(n point, then
¢ = {c, 11y Cr1@)r - Cr—1(3)) Is a positive strong & -equilibrium point.

4. Foralle € cf there exists t € §2 such that e(f(t)) # 0.

5. If & is natural, I € 2 N Rxq is connected, 0 € I and f(0) is a non-negative
point then for allt € I N R~ f(t) is a positive point.

6. Fori =1,2,....n, if (i) < fthenforallt € 2, fi(t) = fri)().

7. Fori =1,2,...,n,ifw(i) > i thenforallt;,, € 2, f;(t1) = fi(t2).

Proof Let m = |&]|. Let & = {e € & | there exists t € 2,e(f(t)) # O} If
& = D then forall r € 22, e(f(t)) = 0, so f(¢) is a strong &-equilibrium point
and the Lemma holds. Assume &) # & and let m = |&|. For j = 1,2,...,m,
let 0j,7; € Reg and M; = [[/_, X", N; = [T, ij’i € My, be such that
M; < Nj and {o1M; — 71N1,00My — ToNo, ..., 05My — T Np ) = & and
{U]M] — T]N], ooMy — mNo, ..., 0mMy — TNy} = 8.

Let C = {i | there exists j < s such that either a;; # 0 or b;; # 0}. Let
n = |C|. Let 7 be a permutation on {1, 2, ..., n} such that 7(C) = {1, 2, ..., n}.

A a. 1. A b —1;
; For j = 1,2,....m, leter; = o; [\ X,”™ @ — [T, X, "™ . Let
{671'11671'27~~ e7rm}
It follows that & is aﬁmte event-system of dimensionn < n.Fori =1,2,...,1,

letfl fﬂ' Liy- Letf fl f27~' fn
Let (7)) mxn = T'g. Let (%) )ixn = I';. It follows that for j = 1,2, ce,m,
fori =1,2,...,n,
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Vji =bj 14y = 4ja-1G) = Vjr(i)- (1.15)

We claim that f is an é"-process on £2. To see this, for k = 1,2, ..., n, for all
tes2:

fi@) = f;_l(k)(t) [Definition of f;.]
B m n n b 7]
aji i
= Z%w*l(k) (UjHXi"' —TJHX,-" ) of | @)
L \U=! i=1 i=1 ]
[fisan &-process on £2.]
[/ n n b 7]
aji i
— zyj,ﬂ_l(k)(ajnxif’ - 1% ) of |
L U=l i=1 i=1 ]

[Deﬁnition of &1.]

= ZV/WI(k)(U/HX _TJHXb”) of | ()

ieC ieC

[] <ml§éC:>ajl-=bj,-:O.]

1) 1)
= z’}/jﬂ'_l(k) gj HX ]l(z) _TJHX Jl(l) Of (t)

[7T(C)={ ,2,....n}]

rh A A
. b, i
= E Vit | O H(fﬂ"l(i)(t))a/’ﬂ o —1; H(fwl(i)(l)) il
Jj=1

i=1 i=1

[By composition.]

m n
. L b, 1.
=27j,k gj H(fn—l(i)(t))af'” o — 7 H(fﬂ_l(i)(t)) pnl)
j=1

i=1 i=1
[From (15).]

ZZ Vik | 9j H(fz(f)) O — 7 H(f,(t)) Jm )
j=1

[Definition of f,- ]

m
=D Ajxer | o f | () [Definition of ey ;.]

This establishes the claim.
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With & N, f and 7 as described, we will now establish (1) through (6).

1. Follows from the definition of &.

2. Follows from 3.

3. Suppose & is natural. Hence, there exists a positive strong &-equilibrium point
(c1,¢c2,...,cp).Forj=1,2,...,m:

eﬂ-,j(cﬂ.—l(l), Cﬂ.—l(z), ey Cﬂ.—l(ﬁ))

A a 1 b
R R
— . P (O R, Jor ()
=o;[1e 50" =m0
i=1 i=1

aji b . A .
=achi”—7'chi“ [j<m,i¢C=aj; =>bj; =0.]
ieC ieC
=ej(c1,¢2,...,Cn)
=0

Hence, ¢ is a positive strong @&—equilibrium point.
4. Suppose j < m. Thenforallt € 2 :
n n b
enj(f@O) = o; [ [hi@y =0 = T]fian =0

i=1 i=1

=0 [ U160 =7 [ [ 1y @) 5710

i=1 i=1
= o, [ [i@@ —7; ] (fiens
ieC ieC
= oj [ [(ien®i — = [T
i=1 i=1

[]S’/h,l¢C:>aj’l=bj’l=O]

((0/ [1x" = H Xf’) ° f) (1)
i=1 i=1

e;j(f (1)

Since j < m, therefore e; € &7 and there exists ¢ € £2 such that e; (f(¢)) # 0.
Hence, for all e; ; € ef’), there exists ¢ € §2 such that emj(f(t)) # 0.

5. Suppose &is natural, I € £2NRxgisconnected, 0 € I and f(0) is anon-negative
point. ItAfollows that f (0) is a non-negative point and, from Theorem 4, for all
t € I, f(1) is a non-negative point. Suppose, for the sake of contradiction, that
there existip < nand o € I NR. ¢ such that f;,(tp) = 0. From Theorem 4 again,
fio (0) =0and forall t € I: fio(t) = 0. Since [ is an interval and 0,19 € I,
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I contains an accumulation point. Hence, since f;, is analytic on £2 and £2 is

connected, forall t € £2 :
fis@®) =0.

It follows that for all ¢t € §2 :

0= f1(t) =D Ajiperj(f(1)).

j=1

We claim that for j = 1,2,...,m, forall r € £2: ’ij,ioemj(f(t)) > 0.
Case 1: Suppose 7, ;, = 0. Then %j,,-oe,r,j(f(t)) =0>0.
Case 2: Suppose 7;,i, > 0. Then b; —1(;,, > 0. Hence,

enj(fO) = o [](i)=0 — ) H(ﬁ'(t))bf?”"(f)
i=1 i=1

n
=o; [ (i) =" [Since b; -1,
i=1

> 0 and from 16, f;, (1) = 0.]

>0 [ f (t) is a non-negative point, by Theorem 4]

Hence, 4 i,ex,j (f (1)) = 0.
Case 3: Suppose ¥;,i, < 0. Thena; -1, > 0. Hence,

e”’j(f(t)) =0j H(J?i(f))a-/’”_l(i) —T; H(ﬁ-(;))bm—'(z‘)

i=1 i=1

n
=7 [fi@’i="o  [Since a; 14,
i=1
> 0 and from 16, f,-o(t) =0.]

<0 [ f (t) is a non-negative point, by Theorem 4]

Hence, ¥, yex, j ( f (t)) = 0. This completes the proof of the claim.

(1.16)

(1.17)

From 1.17 and the claim, it now follows that for j = 1,2, ...,m, forallt € §2 :

Ajien i (f() =0

(1.18)
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Since iy < 7, there exists jo < m such that either aj, ;, # 0 or bj,;, # 0. If
Yjo,io 7 O then, from 1.18, emjo(f(t)) = 0. If %jy.;, = O then, since ¥;, ;, =
bjy.io — @jo.io» it follows that aj, ;, # 0 and b}, ;, # 0. Hence, X;, divides ey j,.
From 1.16, it follows that e, ( f (t)) = 0. Hence, irrespective of the value of
’Aon,iov forallt € £2:ex j, (f(t)) = 0. Since ey j, is an element of @‘A" this leads
toa contradiction with Lemma 15.4. Hence, for alli < 7, forallt € I NR.g:
fi(@) > 0. A

6. Follows from the definition of f.

7. Fori=1,2,...,n,if (@) >7theni ¢ C. Thatis, for j =1,2,...,m:v;; =
bji—aj; =0-—0=0.Hence, forall r € £: fi’(t) = 27:1 vj.iej(f () =0.
Hence, since f; is analytic on §2, and 2 is simply-connected, for all 7,7, €

£2: fi(n) = fi(n2).

We have described, for finite, natural event-systems, Lyapunov functions on the
positive orthant. We next extend the definition of these Lyapunov functions to admit
values at non-negative points.

Definition 26 Let & be a finite, natural event-system of dimension n with positive
strong &-equilibrium point ¢ = (c1,c2, ..., ¢,). Forallv € Ry, let g,: R0 — R
be such that for all x € R>¢

) [x(ln(x) —1=In@) +v, ifx>0; (1.19)

v, otherwise.

Then the extended lyapunov function gg . R’éo — Ris

n
Soe(xl, X2 X)) = D Ba (i) (1.20)
i=1

The next lemma lists some properties of extended Lyapunov functions.

Lemma 16 Let & be a finite, natural event-system of dimension n with positive
strong &-equilibrium point ¢ = (c1, ¢2, ..., ¢p). Then:

1. gg . is continuous on R .

2. For all x1,x2,...,x, € Rxq, goc(x1,%2,...,%,) = 0 with equality iff
(x1,x2,...,x,) =c.

3. Forallr € Ry, the set {x € R | gz (x) < r}is bounded.

4. If 2 € C is open, simply connected and such that 0 € 2, f = (f1, f2,---, fa)
is an &-process on $2 such that f(0) is a non-negative point, and I € Rx>o N §2
is an interval such that 0 € I then (gg . o f) is monotonically non-increasing on
I.

Proof Fori =1,2,...,n,]letg; (x) be as defined in Eq. 1.19.
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I.Fori = 1,2,...,n,g; is continuous on R.o and lim,_, o+ g¢; (x) = ¢; =
g, (0), so g¢; is continuous on Rx>. Since gg . is the finite sum of continuous
functions on R>, g# . is continuous on RY

2.Letje{1,2,...,n}.Let§:g_Cj.ForallxER>0, (x)—ln( )If
Cj

0 < x < c; then, by substitution, g’(x) < 0. Similarly, if x > ¢; then g’(x) > 0.
Hence, g is monotonically decreasing in (0, c;) and monotonically increasing in
(cj, 00). From continuity of g in R, it follows that

For all x € R>9, g(x) > g(c;) = 0 with equality iff x = ¢;. (1.21)

From Egs. (1.20) and (1.21), the claim follows.
3. Observe that limy_, 1 o g(x) = +oo0. It follows that:

For all r € Rxq, the set {x € R>¢ | g(x) < r} is bounded. (1.22)

If x1,x2,...,x, € Rxp are such that gg -(x1, x2,...,x,) < r, it follows from
Eqgs. (1.20) and (1.21) that fori = 1,2, ..., n: g (x;) < r. The claim now follows
from Eq. (1.22).

4. Let 2 < C be open, simply connected, and such that 0 € £2; let f =
(f1, f2, ..., fu) bean &-process on §2 such that f(0) is a non-negative pomt and let
I € R>pN 2 be an interval such that 0 € 1. By Lemma 15 there exists 71, é, f and
7 satisfying 15.1-15.7. Let ¢ = (C1, €2, ..., G3) = (Cr-1(1) Cr1(2)s - - -5 Cn-l(i))-
By Lemma 15.2, ¢ is a positive strong equilibrium point of &.Thenforallt €1,

(Fgcof) () =218 (fi) [Eq. (20)]
= Zt;:w(i)sﬁ 8o (fi) + 2 niiy=i 8 (fi(D))
=218, 1, (fr1)®) + 24 riy=a & (fi(0)
=218, (ﬁ(t)) + 2 iin(iy= 8 (fi(1)
[Definition of ¢ and Lemma 15.6]
= (8720 0) 0+ Zienyoi B (i) [Eq. QO)]
= (E o f) (t) + constant [Lemma 15.7]

By Definition 26, for all x € Rio’ 8z, X)) = 84.¢ .(x). By Lemma 15.5, for all

telNRq, f(t) e R7 . Soforall € I NR.y, (g(wof) 1) = (g({wof) ).
Then, forallt € I NR.,

(@o f)/ 0 = (83,5 o fA)/ (1)
=V&se (f(t)) - f/(#) [Chain rule.]
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=Vgz, (f(l)) “Pp (f(t)) [Definition 14.]
<0 [Theorem 6.]

Therefore (géa 20 f) is non-increasing on I N R .
By Definition 14, f is continuous on /; by Theorem 4, f (I C R’io; and by

Lemma16.1,g &z is continuous on R’;O; SO (g 40 f ) is continuous on /. Therefore

(g 200 f ) isnon-increasing on /. Thus (g¢ - o f) is a constant plus a monotonically
non-increasing function on /, so (g¢ . o f) is monotonically non-increasing on /.

The next lemma makes use of properties of the extended Lyapunov function
to show that &-processes starting at non-negative points are uniformly bounded in
forward real time.

Lemma 17 Let & be a finite, natural event-system of dimension n. Let o € RZ,.
There exists k € Rxq such that for all 2  C open and simply connected and such
that 0 € 2, for all &-processes f = (f1, f2, ..., fn) on 2 such that f(0) = «,
for all intervals I € §2 NR>q such that 0 € I, forallt € I, fori =1,2,...,n:
fit) eRand0 < fi(t) < k.

Proof Since & is natural, let ¢ € R” ; be a positive strong &-equilibrium point. Let
8 =28&c

Let¢{ = g(a). Let S = {x € R’;O | g(x) < £}. By Lemma 16.3, S is bounded.
Hence, let k be such that for all x € S: x| < k.

Let 2 < C be open, simply connected, and such that 0 € £2; let f =
(f1, f2, ..., fa) be an &-process on £2 such that f(0) = a; andlet I € R>o N £2
be an interval such that 0 € I.

From Theorem 4, forallt € I,fori =1,2,...,n: fij(t) € Rand f;(¢) > 0.

Consider the function:

gofli:I—>R

From Lemma 16.4, forallt € I, g o f|; is monotonically non-increasing on /. That
is, forallt € I,
g(f) <t (1.23)

It follows from Eq. 1.23 and the definition of S that (/) C S. By the definition
of k, it follows that forall € I, fori = 1,2,...,n, fi(t) <k.

The next lemma shows that, because &-processes starting at non-negative points
are uniformly bounded in real time, they can be continued forever along forward real
time.

Lemma 18 (Existence and uniqueness of &-process.) Let & be a finite, natural
event-system of dimension n. Let o € R ;. There exist a simply-connected open set
2 € C, an &-process [ = (f1, f2, ..., [n) on 2 and k € R>q such that:
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Rxo C £2.

f0) =a.

Forallt € R, fori =1,2,...,n: fi(t) e Rand 0 < f;(1) < k.

For all simply-connected open sets 2 CC, for all &-processes f on 2, Jfor all
intervals I € 2 N R>o, if 0 € I and f) = a, thenforallt € I, f(t) = f(1).

Sl S

Proof Claim: There exists k € R>o such that for all intervals / € R>o with 0 € [,
for all real-&- -processes h = (hi, ha, ... hy,)onlI with h(0) = o, forall ¢ € I, for
i=1,2,...,n:0 <hi(t) <k.

To see this, let I € Rx( be an interval such that 0 € 1. Leth = (le , ftz, R fz,,)
be a real-&-process on I such that }~1(0) =a.

From Lemma 4, there exist an open, simply-connected 2 C Candan &- -process
f=1{(f1, fr,..., fn) on 2 such that:

l.1CcQ . .
2. Forallr € I: f(t) = h(z).

From Lemma 17, there exists k € Rs¢ such that for all + € I, fori =
1,2,...,n: fi(t) € Rand 0 < fi(t) < k. That is, for all t € I, for i =
1,2,...,n:0< ﬁ,-(t) < k. This proves the claim.

Therefore, by [8, p. 397, Corollary], there exists k € Rxq, there is a real-&-
process h = (hy, ha, ..., hy) on R>q such that 4(0) = o« and for all t € Rxo,
fori = 1,2,...,n:0 < h;(t) < k. By Lemma 4, there exist an open, simply-
connected £2 € C and an &-process f on §£2 such that R>g C £2 and for all
t € R>o, f(t) = h(t). Therefore, forall t € R>q, fori =1,2,...,n: fj(z) € Rand
0 < fi(t) < k.Hence, Parts (1, 2, 3) are established. Part(4) follows from Lemma 2.

The next lemma shows that the w-limit points of &-processes that start at non-
negative points satisfy detailed balance.

Lemma 19 Let & be a finite, natural event-system of dimension n, let 22 C C be
open and simply-connected, let f be an &-process on 2, andletq € C". [fR>o C 2
and f(0) is a non-negative point and q is an w-limit point of f, then g € R” 2o and
is a strong &-equilibrium point.

Proof Suppose R>o € §2, f(0) is a non-negative point, S is the set of w-limit points
of f,andg € S.By Lemma 104 € RY,. By Lemma 18 there exists an open, simply-
connected §2, € C such that R~ C £2, and an &-process h = (hy, ha, ..., h,) on
§24 such that 4 (0) = gq.

Let ¢ be a positive strong &-equilibrium point. By Lemma 16.2, g¢ . (f (1))
is bounded below and, by Lemma 16.4, is monotonically non-increasing on R>.
Therefore lim; o g¢.c (f (¢)) exists. Since gg . is continuous, for all @ € S,
ge.c () =1lim; 00 8s . (f (¢)). By Lemma 10, for all 1 € R>g, h(¢) € S. Hence,
g&.c (h (1)) is constant on Rx.

By Lemma 15 either g is a strong &- equ1hbr1um or there exists a finite event-
system & of dimension 7 < n, an é- -process h = (h], hz, el h; 4) on £2,, and a
permutation 7 on {1, 2, ..., n} satisfying 1-7 of Lemma 15.
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Assume ¢ is not a strongAé(’—equilibrium point. By Lemma 15.6, for i
1,2,....0, forall t € 24, hi(t) = h15, (). Let ¢ = (¢1,C2,...,C)
(Ca (1) Ca=1(2)s - -+ » c,fl(;l)). By Lemma 15.3, ¢ is an &-strong equilibrium point.

For all v € R, let g, be as defined in Eq. 1.19 in Definition 26. Then for all
t e RZ()’

n

e ) =52 (h0) = D70 (i (1) - Zg— (3 )

i=1 j=1

= Zg_cl(hl (t)) - chﬂfl(j) (h'n'il(j) (t))
i=1 Jj=1

= Zg%rlm (ha=1)y () = chflm (hr-1¢j) )
i=1 j=1

n
= Z 8e—1) (hﬁ_](i) (t))
i=i+1
But, by Lemma 15.7,if (i) >7 then h; (2) is constant. Hence, [ (hp1(y (0))
is constant fori =+ 1,A +2,...,n,5085:(h (1)) — gz 2 (fz (t)) is constant.
Since gg - (h (1)) and gz . (h (1)) — 84 ¢ (ﬁ (t)) are both constant, 84 ¢ (fz (t))
must be constant. By Lemma 15.5, for all # € R., h(t)isa positive point, so by
Definitions 25 and 26, g7 7 (h (r)) — g5, (h (t)). Since gz . (h (t)) is constant,
%gé",é (fz (t)) = Vgég’é (fz (t)) ‘pe (fl (t)) = 0. Then by Theorem 6 and continuity

A

h (0) must be a strong &-equilibrium point, so for all e € & forall 1 e 24,

e(ﬁ(t)) = 0, which contradicts Lemma 15.4. Therefore ¢ is a strong &-equilibrium
point.

The next theorem consolidates our results concerning natural event-systems. It
also establishes that positive strong equilibrium points are locally attractive relative
to their conservation classes. Together with the existence of a Lyapunov function,

this implies that positive strong equilibrium points are asymptotically stable relative
to their conservation classes [11, Theorem 5.57].

Theorem 10 Let & be a finite, natural event-system of dimension n. Let H be a
positive conservation class of &. Then:

1. Forallx € HN R’éo’ there exist k € R>o, an open, simply-connected 2 < C
and an &-process [ = (f1, f2, ..., fu) on §2 such that:

a. RZO - $2.
b, f(0) = x.
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c. Forallt e Rsg, f(t) e H mR”

d. Forallt e Rso, fori =1,2,...,n,0< fi(t) <k

e. For all open, simply- connected .Q C G, for all &-processes f on 2, if
0€e 2 and f0) =x then for all intervals 1 < 2n R>o such that 0 € 1,
forallt € I: f(t) = f(t)

2. There exists ¢ € H such that:

a. c is a positive strong & -equilibrium point.
b. Foralld € H, ifd is a positive strong &-equilibrium point, then d = c.
a. There exists U € H NRY , such that
i. Uisopenin HNR.
ii. ceU.
iii. For all x € U, there exist an open, simply-connected 2 < C and an
&-process f on §2 such that
A. Rso C 2.
B. f(0) =x.
C. f(t) - cast — oo along the positive real line. (i.e. for all
€ € R., there exists ty € R.q such that for all t € Roy: || f(t) —
cll <e)

Proof 1. Follows from Lemma 18 and Theorem 3.

2a and 2b follow from Theorem 9.

2¢ Let ¢ € H be a positive strong-&-equilibrium point as in Theorem 10.2a. Let
g=g¢c LetT = HNRY, Forallx € HNR", forall r € R, let

By(x)={ye HNR" | |x —yll2 <r}
Sr)={y e HNR" | |lx = yl2 =r}
B (x)={ye HNR" | |lx =yl <r}

Since R’;O is open in R", it follows that T is open in H N R". Therefore, there
exists § € R.¢ such that Brs(c) € T. Let § € R.( be such that Bys(c) € T. It
follows that Bs(c) € T.

Since g is continuous and Ss(c) is compact, let x9 € Ss(c) be such that g(xg) =
infyes;e) g(x). Let U = Bs(c) N{x € T | g(x) < g(xp)}. It follows that U is open
in T. Since xg # c¢, and by Lemma 16.2, g(x9) = g#.(x9) > 0 = g(c). Hence,
ceU.

Let x € U. From Lemma 18, there exist an open, simply-connected 2 C C and
an &-process f on §2 such that R>¢ € §2 and f(0) = x.

We claim that for all t € R, f(¢) € Bs(c). Suppose not. Then there exists
to € Rxq such that f(#) € Ss(c). From the definition of xo, g(xo) < g(f(%)).
Since f(0) =x € U, g(f(0)) < g(xg). Hence, g(f(0)) < g(f(t)), contradicting
Lemma 16.4.

To see that f(f) — c ast — oo along the positive real line, suppose not. Then
there exists € € R.¢ such that ¢ < § and there exists an increasing sequence of
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real numbers {t; € R-o};cz_, such that ; — oo asi — oo and for all i, f(#;) €
m\B(E (c). Since m\ B:(c) is compact, there exists a convergent subsequence.
By Definition 22, the limit of this subsequence is an w-limit point ¢ of f such
that ¢ € Bj(c)\B:(c). From Lemma 19, g is a strong-&-equilibrium point. Since
q € m, q € T.From Theorem 9, ¢ = c¢. Hence, ¢ ¢ B-(c), a contradiction.

We have established that positive strong equilibrium points are asymptotically
stable relative to their conservation classes. A stronger result would be that if an
& -process starts at a positive point then it asymptotically tends to the positive strong
equilibrium point in its conservation class. Such a result is related to the widely-held
notion that, for systems of chemical reactions, concentrations approach equilibrium.
‘We have been unable to prove this result. We will now state it as an open problem. This
problem has a long history. It appears to have been first suggested in [10, Lemma 4C],
where it was accompanied by an incorrect proof. The proof was retracted in [9].

Open Problem 1 Let & be a finite, natural event-system of dimension n. Let H be
a positive conservation class of &. Then

1. Forallx € HN R;o’ there exist k € Rxo, an open, simply-connected 2 € C

and an &-process [ = (f1, f2, ..., fu) on §2 such that:

f(0) =x.

Forallt € Rso, f(t) € HNRL,.

Forallt e Rsq, fori =1,2,...,n,0< fi(t) <k.

For all open, simply-connected 2 cC for all &-processes f on £2, if
0€e 2and £(0) = x then for all intervals I C 20N Rxq, if O € I then for

allt € I: f(t) = f().

2. There exists ¢ € H such that:

oo o

a. cis a positive strong &-equilibrium point.
b. Foralld € H, if d is a positive strong &-equilibrium point, then d = c.
c. Forallx € HNR, there exist an open, simply-connected 2 C C and an
&-process f on 82 such that:
i. Rso C £2.
ii. f(0)=ux.
iii. f(t) = cast — oo along the positive real line. (i.e. for all € € R,
there exists tg € R.q such that for allt € R, : || f(t) —cl|]2 < €.)

In light of Theorem 10, Open Problem 1 is equivalent to the following statement.

Open Problem 2 Let & be a finite, natural event-system of dimension n. Let x €

R . Then there exists an open, simply-connected 2 C C, an &-process f on 2

and a positive strong & -equilibrium point ¢ such that:

1. Rso C £2.

2. f(0) =x.

3. f(t) = cast — ooalong the positive real line. (i.e. for all ¢ € R, there exists
to € Roo such that forallt € Ro;: || f(t) —cl|2 <e.)
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1.6 Finite Natural Atomic Event-Systems

In this section, we settle Open 1 in the affirmative for the case of finite, natural, atomic
event-systems. The atomic hypothesis appears to be a natural assumption to make
concerning systems of chemical reactions. Therefore, our result may be considered
a validation of the notion in chemistry that concentrations tend to equilibrium. We
will prove the following theorem:

Theorem 11 Let & be a finite, natural, atomic event-system of dimension n. Let
a € RZ . Then there exists an open, simply-connected 2 C C, an &-process f on
§2, and a positive strong &-equilibrium point ¢ such that:

1. RZQ C £,

2. f(0) =aq, and

3. f(t) = cast — oo along the positive real line (i.e. for all € € R+, there exists
1o € Roq such that for all't € Roy: || f() — cll2 < €).

It follows from Theorem 10 that the point ¢ depends only on the conservation
class of v and not on « itself. That is, two &-processes starting at positive points in
the same conservation class asymptotically converge to the same c.

Implicit in the atomic hypothesis is the idea that atoms are neither created nor
destroyed, but rather are conserved by chemical reactions. Our proof uses a formal
analog of this idea. Recall from Definition 11 thatif & is atomic then C» (M) contains
a unique monomial from M, .

Definition 27 Let & be a finite, natural, atomic event-system of dimension n.
The atomic decomposition map Dg:Mix, x,...x,) —> ZZ is the function M +>

(b1, b2, ..., by) such that X2 x5 ... XI" e Co(M) N My,

The next lemma lists some properties of the atomic decomposition map. Note
that though the event-graph G is directed, if M and N are monomials and there
exists a path in G ¢ from M to N then there also exists a path in G¢ from N to M.
Informally, this is because all events are “reversible.”

Lemma 20 Let & be a finite, natural, atomic event-system of dimension n and let
M, N € Mix, x,....x,}- Then:

1. Dg(M) = Dg(N) if and only if Co(M) = Co(N).
2. Dg(MN) = Dg(M) + Dg(N).

Proof Let D = Dg.

(1) D(M) = D(N) = (b1, by, ..., b,) if and only if X' X2 ... X" e Co(M)
and X2 x52 ... X0 € Co(N). Then Co(M) = Cs(N).

() Let D(M) = (b, bs,...,by) and D(N) = (c1,ca,...,cn). Then, in
G there is a path from M to X}l"X1272~~X,}f” € My, and a path from N to
X{'X5% -+ X, € Ma,. Itfollows that there is a path from M N to XII’H'C‘XSZ'H2 -
Xter € My ,.Hence DIMN) = (b1 +c1, by+ca, ..., by+cy) = D(M)+D(N).
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Definition 28 Let & be a finite, natural, atomic event-system of dimension n. For
alli € {1,2,...,n},forall M € Mx, x,,...x,}» Dg.i(M) is the ith component of
Dg(M).

Definition 29 Let & be a finite, natural, atomic event-system of dimension n. For
alli € {1, 2, ..., n} the function x¢ ;: C" — C is given by

n
(21,22, -, 20) = D Dei(X )z
Jj=1

Lemma 21 Let & be a finite, natural, atomic event-system of dimension n. Then for
alli € {1,2, ..., n}, the function kg ; is a conservation law of &.

Proof Letm = |&, and for j = 1,2,...,m,letoj,7; € Ryg and M;, N; €
Mo with M; < N; be such that & = {o1M1 — 1| N1, ..., 0mMy — TNy }. For
i =1,2,....n,letaj; bj; € Z-o be such that M; = X' X5"* ... X,”" and
b bj bin
Nj = X" X" X" Let (Vj.i)mxn = Tg-
Then for j =1,2,...,m:

O'ij — Tij e
= M; € Ce(N;) [Definition 9]
= Dg(Mj) = Dg(N;j) [Lemma 20]
= > 1a.iDe(Xi) = 27{_1 bjiDg(X;) [Lemma 20]
= >0 (bji —a;)De(X;) =0
= >" 7,iDs(X;) =0 [Definition 12]

It follows that for all j € {1,2,...,m}, forallk € {1,2,...,n},

n

Z'Yj,iDé”,k(Xi) =0

i=1

Therefore, forallk € {1,2,...,n},I'e-(Dg x(X1), Dg x(X2), ..., D(g”k(Xn))T
= 0. Since the vector (Dg x(X1), Dg 1 (X2), ..., Dé?”k(Xn)>T isin the kernel of I'¢,
by Theorem 2, k¢  is a conservation law of &.

Lemma 22 Let & be a finite, natural event-system of dimensionn. Let M, N € M,
andletq € C". If M € Cg(N) and q is a strong &-equilibrium point and M (q) = 0,
then N(g) = 0.

Proof Let (vg, v1) be an edge in Gg. Then there exist e € & and o, 7 € R.( and
T,U,V € Mo suchthate = ocU — 7V and vg =TU andv; = TV.

Assume vo(g) = 0. Then either T(q) = 0 or U(g) = 0. If T(q) = O then
v1(q) = 0.1f U(q) = 0 and q is a strong & -equilibrium point, then e(q) = cU(q) —
7V (gq) =0, s0 V(q) = 0. Therefore vi(q) = 0. The lemma follows by induction.
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We are now ready to prove Theorem 11.

Proof (Proof of Theorem 11) Since « is a positive point, it is in some positive
conservation class H. By Theorem 10:

1. There exists exactly one positive strong &-equilibrium point ¢ € H.
2. There exist an open and simply-connected 2 € C and an &-process f on £2
such that R>o C §2 and f(0) = a.
. Forallt € Ryo, f(t) € HNRY
4. There exists k € R>q such that fori = 1,2,...,n, forallt € R>g, fi(t) € R
and 0 < fi(t) <k.

(O8]

Let {t} jez., be an infinite sequence of non-negative reals such that ¢; — oo as
J — oo. Then {f(tj)};ez., is an infinite sequence contained in a compact subset
of R”, so it must have a convergent subsequence. Let ¢ = {q1, g2, ..., qn) € C" be
the limit point of a convergent subsequence of {f(z;)} j€Zo . H and R’;O are both
closed in C", so ¢ € H NRY. Since & is natural and g is an w-limit of f, g must
be a strong &-equilibrium point by Lemma 19.

Assume, for the sake of contradiction, that g ¢ R”O Leti € {1,2,...,n} be
such that ¢; = 0. Let N € Ce(X;) N My,. Since & is atomic, a unique such N
exists. It follows from the definition of event graph that X; € C»(N). By Lemma 22,
N(gq) = Xi(q) = gqi = 0. It follows that N # 1. Hence, there exists X, € Ag such
that X, divides N and X,(g) = 0.

Forall j € {1,2,...,n} such that Dg ,(X;) # 0,let M; € Ceo(X;) N Myu,.
Then X, divides M, so Mj(g) = 0. Again by Lemma 22, X ;(q) = M;(q) =0, so
qj = 0. It follows that for all j € {1,2,...,n} either Dg ,(X;) =0o0rg; =0so0

n
ke.a(@) =D Dea(Xj)q; =0.
j=1

Since kg 4 is a conservation law of & by Lemma 21 and ¢ is an w-limit point of f,
it follows that
kg q(a) =0. (1.24)

For all j, Dg ,(X;) is nonnegative, and « is a positive point, so for all j €
{1,2,...,n}, Dg o(Xj)aj = 0. But Dg ,(Xy) = 1 and g > 050 K¢ 4(0) > 0,
contradicting Eq. (1.24). Therefore g € R” . Since c is the unique positive strong
&-equilibrium point in H, ¢ = q.

Let U € H NR”, be the open set stated to exist in Theorem 10.2c. Since c is an
w-limit pomt of f, there exists fy € R>o such that f(zp) € U. Agam by Theorem 10,
there exist 2 € C and an &- -process f on £2 such that R0 C 2 and £0) = f(to)
and f(t) — cast — oo.ByLemma3, forallt € R>o, f(t+1) = f(t) Therefore,
f(t) - cast — oo.
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1.7 Lessons Learnt

We have endeavored to place the kinetic theory of chemical reactions on a firm
mathematical foundation and to make the law of mass action available for purely
mathematical consideration.

With regard to chemistry, we have proven that many of the expectations acquired
through empirical study are warranted. In particular:

1. For finite event-systems, the stoichiometric coefficients determine conservation
laws that processes must obey (Theorem 3). In fact, we can show

a. For finite, physical event-systems, the stoichiometric coefficients determine
all linear conservation laws;

b. For finite, natural event-systems, the stoichiometric coefficients determine
all conservation laws.

2. For finite, physical event-systems, a process begun with positive (non-negative)
concentrations will retain positive (non-negative) concentrations through forward
real time where it is defined (Theorem 4). For finite, natural event-systems, a
process begun with positive (non-negative) concentrations will retain positive
(non-negative) concentrations through all forward real time (Theorem 10)—that
is, it will be defined through all forward real time.

3. Finite, natural event-systems must obey the “second law of thermodynam-
ics” (Theorem 7). In addition, the flow of energy is very restrictive—finite, natural
event-systems can contain no energy cycles (Theorem 5).

4. For finite, natural event-systems, every positive conservation class contains ex-
actly one positive equilibrium point. This point is a strong equilibrium point and
is asymptotically stable relative to its conservation class (Theorem 10).

Unfortunately, we, like our predecessors, are unable to settle the problem of
whether a process begun with positive concentrations must approach equilibrium.
We consider this the fundamental open problem in the field (Open Problem 1). For
finite, natural event-systems that obey a mathematical analogue of the atomic hy-
pothesis, we settle Open Problem 1 in the affirmative (Theorem 11). In particular, we
show that for finite, natural, atomic event-systems, every positive conservation class
contains exactly one non-negative equilibrium point. This point is a positive strong
equilibrium point and is globally stable relative to the intersection of its conservation
class with the positive orthant.

In terms of expanding the mathematical aspects of our theory, there are several
potentially fruitful avenues including:

1. Complex-analytic aspects of event-systems. While we exploit some of the
complex-analytic properties of processes in this chapter, we believe that a deeper
investigation along these lines is warranted. For example, if we do not restrict the
domain of a process to be simply-connected, then each component of a process
becomes a complete analytic function in the sense of Weierstrass.
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Infinite event-systems. Issues of convergence arise when considering infinite
event-systems. To obtain a satisfactory theory, some constraints may be necessary.
For example, abound on the maximum degree of events may be worth considering.
It may also be possible to generalize the notion of an atomic event-system to
the infinite-dimensional case in such a way that each atom has an associated
conservation law. One might then restrict initial concentrations to those for which
each conservation law has a finite value. Additional constraints are likely to be
needed as well.

. Algebraic-geometric aspects of event-systems. Every finite event-system that

generates a prime ideal has a corresponding affine toric variety (as defined in [4,
p-15]). The closed points of this variety are the strong equilibria of the event-
system. Further, every affine toric variety is isomorphic to an affine toric variety
whose ideal is generated by a finite event system. One could generalize event-
systems to allow irreversible reactions. In that case, it appears that the prime ideals
generated by such event-systems are exactly the ideals corresponding to affine
toric varieties.

We can show (proof not provided) that finite, natural, atomic event-systems gen-
erate prime ideals. We are working towards settling Open Problem 1 in the affir-
mative for every finite, natural event-system that generates a prime ideal.
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Chapter 2
Structural Analysis of Biological Networks

Franco Blanchini and Elisa Franco

Abstract We introduce the idea of structural analysis of biological network models.
In general, mathematical representations of molecular systems are affected by para-
metric uncertainty: experimental validation of models is always affected by errors
and intrinsic variability of biological samples. Using uncertain models for predic-
tions is a delicate task. However, given a plausible representation of a system, it is
often possible to reach general analytical conclusions on the system’s admissible
dynamic behaviors, regardless of specific parameter values: in other words, we say
that certain behaviors are structural for a given model. Here we describe a parameter-
free, qualitative modeling framework and we focus on several case studies, showing
how many paradigmatic behaviors such as multistationarity or oscillations can have
a structural nature. We highlight that classical control theory methods are extremely
helpful in investigating structural properties.

Keywords Biological network - Control theory * Structural analysis + Structural
property + Enzymatic networks - Jacobian * Eigenvalue - Chemical reaction network *
Robustness - Set invariance + Mitogen activated protein kinase (MAPK)

2.1 Introduction

Structural analysis of a dynamical system aims at revealing behavioral patterns that
occur regardless of the adopted parameters, or, at least, for wide parameters ranges.
Due to their parametric variability, biological models are often subject to structural

F. Blanchini

Dipartimento di Matematica ed Informatica, Universita degli Studi di Udine,
Via delle Scienze 206, 33100 Udine, Italy

e-mail: blanchini @uniud.it

E. Franco (X))

Department of Mechanical Engineering, University of California at Riverside,
900 University Avenue, Riverside, CA 92521, USA

e-mail: efranco@engr.ucr.edu

V. V. Kulkarni et al. (eds.), A Systems Theoretic Approach to Systems and Synthetic 47
Biology I: Models and System Characterizations, DOI: 10.1007/978-94-017-9041-3_2,
© Springer Science+Business Media Dordrecht 2014



48 F. Blanchini and E. Franco

analysis, which can be a very useful tool to reveal or rule out potential dynamic
behaviors.

Even for very simple networks, simulations are the most common approach to
structural investigation. For instance, three-node enzymatic networks are considered
in [1], where numerical analysis shows that adaptability is mostly determined by
interconnection topology rather than specific reaction parameters. In [2], through
numerical exploration of the Jacobian eigenvalues for two, three and four node gene
networks, the authors isolate a series of interconnections which are stable, robustly
with respect to the specific parameters; the isolated structures also turn out to be
the most frequent topologies in existing biological networks databases. For other
examples of numerical robustness analysis, see, for instance [3-8].

Analytical approaches to the study of robustness have been proposed in specific
contexts. A series of recent papers [9, 10] focused on input/output robustness of
ODE models for phosphorylation cascades. In particular, the theory of chemical
reaction networks is used in [10] as a powerful tool to demonstrate the property
of absolute concentration robustness. Indeed, the so-called deficiency theorems are
to date some of the most general results to establish robust stability of a chemical
reaction network [11]. Monotonicity is also a structural property, often useful to
demonstrate certain dynamic behaviors in biological models by imposing general
interaction conditions [12, 13]. Robustness has also been investigated in the context
of compartmental models, common in biology and biochemistry [14]. A survey on
the problem of structural stability is proposed in [15].

Here we review and expand on the framework we proposed in [16], where we
suggest a variety of tools for investigation of robust stability, including Lyapunov and
setinvariance methods, and conditions on the network graph. We will assume that
certain standard properties or assumptions are verified by our model, for example
positivity, monotonicity of key interactions, and boundedness. Based on such general
assumptions, we will show how dynamic behaviors can be structurally proved or ruled
out for a range of examples. Our approach does not require numerical simulation
efforts, and we believe that our techniques are instrumental for biological robustness
analysis [17, 18].

The chapter begins with a motivating example, and a brief summary of the analysis
framework in [16]. Then we consider a certain number of “paradigmatic behaviors"
encountered in biochemical systems, including multistationarity, oscillations, and
adaptation; through simple examples, we show how these behaviors can be deduced
analytically without resorting to simulation. As relevant case studies, we consider a
simplified model of the MAPK pathway and the lac Operon. Finally, we prove some
general results on structural stability and boundedness for qualitative models that
satisfy certain graphical conditions.
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2.1.1 Motivating Example: A Qualitative Model for
Transcriptional Repression

Consider a molecular system where a protein, xp, is translated at a certain steady
rate and represses the production of an RNA species x;. In turn, x; is the binding
target of another RNA species u; (xp and u; bind and form an inactive complex to
be degraded); unbound x> is translated into protein x3. A standard parametric model
is, for example, in Eq. (2.1) [19].

X1 = kiuy — koxy,
1

3 n n

Ki +x

)'63 = k6X2 — k7X3.

X2 =k — kaxo — ksxouy, (2.1)

One might ask what kind of dynamic behaviors can be expected by this system. Since
we cannot analytically solve these ODEs, numerical simulations would provide us
with answers that depend on the parameters we believe are the most accurate in
representing the physical system. Parameters might have been derived by fitting
noisy data, so they are uncertain in practically all cases. The purpose of this chapter,
is to highlight how we can achieve important conclusions on the potential dynamic
behavior of a molecular system without knowing the value of each parameter.

In this specific example, we know that the system parameters are positive and
bounded scalars. The Hill function H (x1) = k3/ (K 1+ xq’) is a decreasing function,
sufficiently “flat” near the origin (i.e. with zero derivative), with a single flexus
(second derivative has a single zero) [19, 20]. Then, we can say that for given «; and
uy constant or varying on a slower timescale than this system, x; will converge to
its equilibrium x| = kyu1/ky. Similarly, X = H (x1)/(ka + ksuz), X3 = kexa/ k7.
Regardless of the specific parameter values, and therefore robustly, the system is
stable. While the equilibrium value for the protein x| could grow unbounded with
u1, the RNA species x is always bounded.

2.2 Qualitative Models for Biological Dynamical Systems

The interactions of RNA species, proteins and biochemical ligands are at the basis
of cellular development, growth, and motion. Such interactions are often complex
and impossible to measure quantitatively. Thus, qualitative models, such as boolean
networks and graph based methods, are useful tools when trying to make sense of very
coarse measurements indicating a correlation or static relationship among different
species. When dynamic data are available, it is possible to build qualitative ordinary
differential equation models. Rather than choosing specific functional forms to model
species interactions (such as Hill functions or polynomial terms), one can just make
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general assumptions on the sign, trend and boundednessof said interactions. While
such models are clearly not amenable to data fitting, they still allow us to reach useful
analytical conclusions on the potential dynamic behaviors of a system.

The general class of qualitative biological models we consider are ordinary dif-
ferential equations whose terms belong to four different categories:

%) = aij()x; = D bin(xn+ D i) + D dax).  (22)

./'E.Ai hGB,' SGC,‘ IE'DI'

Variables x;, i = 1, ..., n are concentrations of species. The different terms in
Eq. (2.2) are associated with a specific biological and physical meaning. Terms
a;j(x)x; are associated with production rates of reagents; typically, these functions
are assumed to be polynomial in their arguments; similarly, terms b;j (x)x, model
degradation or conversion rates and are also likely to be polynomial in practical cases.
Finally, terms c(-) and d(-) are associated with monotonic nonlinear terms, respec-
tively non-decreasing and non-increasing; these terms are a qualitative representation
of Michaelis-Menten or Hill functions [20].

Sets A;, B;, Ci, D; denote the subsets of variables affecting x;. In general,
more than one species can participate in the same term affecting a given variable.
For instance one may have an interaction 2 — 1 influenced also by species x3:
ai2(x1, x3)x2. (The alternative notation choice, a13(x1, x2)x3 would be possible.) To
keep our notation simple, we do not denote external inputs with a different symbol.
Inputs can be easily included as dynamic variables x, = w,(x,, t) which are not
affected by other states and have the desired dynamics.

2.2.1 General Assumptions

We denote with X; = [x] x2...xj—1 Xj41...x,] the vector of n — 1 components
complementary to x; (e.g. in R* % = [x] x3 x4]). Then f(x) = (X;, x;) for all j.
In the remainder of this chapter, we assume that system (2.2) satisfies the following
assumptions:

A 1 (Smoothness) Functions a;;(-), bin(+), cis(-) and d;; (-) are nonnegative, contin-
uously differentiable functions.

A2 Termsb;j(x)x; = 0, for x; = 0. This means that either i = j or b;;(x;,0) = 0.

A 3 Functions b;j(x)x; and a;,(x)xy, are strictly increasing in x; and x, respec-
tively.

A 4 (Saturation) Functions c;s(Xs, Xs) are nonnegative and non-decreasing in x;,
while d;j(X;, x;) are nonnegative and, respectively, non-decreasing in x;. Moreover
cis(Xg, 00) > 0 and dj; (x;,0) > 0. Moreover they are globally bounded.
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In view of the nonnegativity assumptions and Assumption 2, our general
model (2.2) is a nonlinear positive system and its investigation will be restricted to
the positive orthant. We note that reducing dynamic interactions to a form b;; (x)x;
and a;;(x)xy is always possible under mild assumptions: for instance, if species
J affects species i with a monotonic functional term f;; (X}, x;), if such term has
a locally bounded derivative, with f(x;,0) = 0, it can always be rewritten as:
fij(x) = (fij (x)/xj) xj = a;j(x)x; (see [14], Sect. 2.1). Using the general class
of models (2.2) and assumptions A1-A4 as a working template for analysis, we
will focus on a series of paradigmatic dynamic behaviors which can be structurally
identified or ruled out in example systems of interest.

2.2.2 Glossary of Properties

The structural analysis of system (2.2) can be greatly facilitated whenever it is legit-
imate to assume that functions a, b, ¢, d have certain properties such as positivity,
monotonicity, boundedness and other functional characteristics that can be consid-
ered “qualitative and structural properties” [15]. Through such properties, we can
draw conclusions on the dynamic behaviors of the considered systems without requir-
ing specific knowledge of parameters and without numerical simulations. However,
it is clear that our approach requires more information than other methods, such as
boolean networks and other graph-based frameworks.

For the reader’s convenience, a list of possible properties and their definitions is
given below, for functions of a scalar variable x.

P1 f(x) = const > 0 is nonnegative-constant.
P2 f(x) = const > 0 is positive-constant.

P 3 f(x) is sigmoidal: it is non-decreasing, f(0) = f'(0) =0, if 0 < f(0c0) < 00

and its derivative has a unique maximum point, f'(x) < f'(x) for some x > 0.

P4 f(x) is complementary sigmoidal: if is non-increasing, 0 < f(0), f'(0) =0,
f(00) = 0 and its derivative has a unique minimum point. In simple words, f is a
CSM function iff f(0) — f(x) is a sigmoidal function.

PS5 f(x) is constant-sigmoidal, the sum of a sigmoid and a positive constant.

P 6 f(x) is constant-complementary-sigmoidal, the sum of a complementary sig-
moid and a constant.

P7 f(x) is increasing-asymptotically-constant: f/'(x) > 0, 0 < f(0c0) < oo and
its derivative is decreasing.

P8 f(x) is decreasing-asymptotically-null: f/(x) < 0, f(0c0) = 0 and its deriva-
tive is increasing.
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Fig. 2.1 Cropped sigmoids fa f
and complementary sigmoids
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P9 f(x) is decreasing-exactly-null: f'(x) <0, forx < x and f(x) =0forx > x
for some x > Q.

P10 f(x) is increasing-asymptotically-unbounded: f’'(x) > 0, f(00) = +o0.

Asanexample, the terms d () and c(-) in general are associated with Hill functions,
which are sigmoidal and complementary sigmoidal functions. In some cases it will be
extremely convenient to introduce assumptions which are mild in a biological context
but assure a strong simplification of the mathematics. One possible assumption is
that a sigmoid or a complementary sigmoid is cropped (Fig. 2.1). A cropped sigmoid
is exactly constant above a certain threshold x~ and exactly null below another
threshold x*. A cropped complementary sigmoid is exactly null above x ~ and exactly
constant below x .

These assumptions extend obviously to multivariable functions just by considering
one variable at the time. For instance f (x1, x2) can be a sigmoid in x| and decreasing
in x.

2.2.3 Network Graphs

Building a dynamical model for a biological system is often a long and challenging
process. For instance, to reveal dynamic interactions among a pool of genes of inter-
est, biologists may need to selectively knockout genes, set up micro RNA assays,
or integrate fluorescent reporters in the genome. The data derived from such exper-
iments are often noisy and uncertain, which implies that also the estimated model
parameters will be uncertain. However, qualitative trends can be reliably assessed
in the dynamic or steady state correlation of biological quantities. Graphical repre-
sentations of such qualitative trends are often used by biologists, to provide intuition
regarding the network main features.

Building on the general model (2.2), we can associate species to nodes of a graph,
and different qualitative relationships between species with different types of arcs:
terms a, b, ¢ and d can be represented as arcs having different end—arrows, as shown
in Fig. 2.2.

These graphs can be immediately constructed, by knowing the correlation trends
among the species of the network, and serve as a support for the construction and
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analysis of a dynamical model. For simple networks, these graphs may facilitate
structural robustness analysis.

Our main objective is to show that, at least for reasonably simple networks, structural
robust properties can be investigated with simple analytical methods, without the need
for extensive numerical analysis. We suggest a two stage approach:

e Preliminary screening: establish essential information on the network structure,
recognizing which properties (such as P1-P10) pertain to each link.

e Analytical investigation: infer robustness properties based on dynamical systems
tools such as Lyapunov theory, set invariance and linearization.

2.2.4 Example, Continued: Transcriptional Repression

The model for the transcriptional repression system in Eq. (2.1) [19] can be recast in
the general class of models (2.2), and we can immediately draw the corresponding
graph (Fig.2.3).

X1 =u1 — byixy, 2.3)
X2 = da1(x1) — baxa — bay, X2 uz,

X3 = azxy — b3zxs.

Terms a;; capture first order production rates; b;;, capture first order degradation
rates. Term d» (x1) is our general substitute for the Hill function [19, 20]; we assume
it is a decreasing function with null derivative at the origin, whose second derivative
has a single zero (flexus), and it is negative on the left of the zero and positive on the
right (such as 1/(1 +x7), n > 1).
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2.3 Robustness and Structural Properties

‘We now clarify the concepts of robustness and structural properties and their relations.

Definition 1 Let C be a class of systems and P be a property pertaining such a class.
Given a family F C C we say that P is robustly verified by F, in short robust, if it
is satisfied by each element of F.

Countless examples can be brought about families F and candidate properties. Sta-
bility of equilibria, for instance, is one of the most investigated structural properties
[2, 13, 21].

When we say structural property we refer to the properties of a family F whose
“structure” has been specified. In our case, the structure of a system is the fact that
it belongs to the general class (2.2), thus it satisfies assumptions 1-3, and it enjoys
properties in the set P1-P8.

A realization is any system with assumed structure and properties achieved by spe-
cific functions which satisfy these assumptions. The set off all realization is a class.
For instance, going back to the transcriptional repression example, the dynamical
system:

X1 =u; — 2xq,

Xy = — X2 — 2x0u7,
1+ xf

X3 = 2xp — 2x3,

is a realization of the class represented by system (2.3).
Definition 2 A property P is structural for a class C, if any realization satisfies P.

Note that demonstrating a structural property for a system is harder than proving
that it does not hold (the latter typically only requires to show the existence of a
system which exhibits the considered structure but does not satisfy the property).
For example, consider matrices:

—a b —a b
we[] ]
with a, b, ¢ and d positive real parameters. To show that A is structurally stable
one has to show that its eigenvalues have negative real part, (in this case, a simple

proof). Conversely to show that A5 is not structurally stable, it is sufficient to find a
realization which is not stable, suchasa =1b=1c=2andd = 1.
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Fig. 2.4 Sketch of a bistable system

2.4 Paradigmatic Structural Properties

We introduce an overview of properties particularly relevant in systems and synthetic
biology. Through simple examples, we highlight how our general approach can be
used to determine analytically the structural nature of such properties.

2.4.1 Multistationarity

A multistationary system is characterized by the presence of several possible equi-
libria. Of particular interest are those systems in which there are three equilibria, of
which two are stable and one unstable, i.e., the system is bistable.

We consider a simple example of a multistationary system (Fig.2.4):

X1 = x0 + c12(x2) — b11x1 24
Xo = ap1x1 — bypxo

with b1y, by> and ay1, positive constants, and with cj2(x2) a (non-decreasing) sig-
moidal function. We assume xo > 0. The following proposition holds:

Proposition 1 For xo small enough and for by1bay/a>; small enough, system (2.4)
has three equilibria, two stable and one unstable. Conversely, for xo large or
b11bxo /an large the system admits a unique, stable equilibrium.

Explanation. Setting x; = 0 and X2 = 0 we find the equilibria as the roots of the

following equation:
b11bx

azi

cr2(x2) +x0 = X2

From Fig. 2.5, it is apparent that if x is small and the slope of the line blulzblzz Xp is

small, there must be three intersections. Conversely, there is a single intersection for

either xq or 2 'alzblzz large. OJ

If three intersections (points A, B, C in Fig. 2.5) are present, there are two stable
points A and B and one unstable. This can be seen by inspecting the Jacobian:

7= [—bu 6/12()32)] ’

a1 —bn
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Fig. 2.5 Sketch of the nullclines for system (2.4)
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Fig. 2.6 Schematic representation of oscillatory behavior

A

Y

whose characteristic polynomial is:
p(s) = s>+ (b11 + b2) + biibxn — azi¢)5(32).
This second order polynomial is stable if by1b2y — a21c’12(i2) > 0or

b11b2
—X
azl

c/lz(xz) <

namely the slope of the sigmoidal function must be smaller that the slope of the line

b11b22/az;. This is the case of points A and C, while the condition is violated at
point B.

2.4.2 Oscillations

Oscillations in molecular and chemical networks are a well-studied phenomenon
(see, for instance [22]). Periodicity in molecular concentrations underlies cell divi-
sion, development, and circadian rhythms. One of the first examples considered in the
literature is the well known Lotka Volterra predator-prey system, whose biochemical
implementation has been studied and attempted in the past [23, 24]. In our general
setup, the Lotka Volterra model is (Fig.2.6):
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X1 = aixy — bia(x2)x;

X2 = az1(x1)x2 — baoxa,

where all functions are strictly increasing and asymptotically unbounded in all argu-
ments. The system admits a single non-trivial equilibrium, the solution of equations:

0 =ai1 — b1a(x2)
0 =as(x1) — by.

The Jacobian of this system at the unique equilibrium is:

7 [ 0 —b’lz(m)m} .

abhy (x1)x2 0

This matrix clearly admits pure imaginary eigenvalues for any realization of the
functional terms. Thus, oscillations are a structural property.

In second order systems, sustained oscillations require the presence of a positive
self loop (autocatalytic reactions) represented in this case by the a1 term.

To achieve oscillations without a positive loop reaction, the system must be of at
least third order. For instance the following model

X1 = x10d13(x3) — b11x1 (2.5)
X2 = azx1 — bax,
X3 = azxy — b3zxz,

where d13(x3) is a complementary sigmoid and the constant are positive, is a candi-
date oscillator. Term x1¢ is an external input which catalyzes the production d;3(x3).

Proposition 2 System (2.5) admits a unique equilibrium. If the minimum value of
the slope di;(x3) is sufficiently large, there exists an interval (possibly unbounded
from above) of input values x1o inducing an oscillatory transition to instability.
Explanation The unique equilibrium point can be derived by the conditions x; =
Xy =x3=0:
b11b2b33
——x3.

az1a3;

x10d13(x3) =

Figure 2.7 shows the qualitative trend of the nullclines above, and clearly highlights
that they admit a single intersection.

Assume that the slope in the intersection point A is large. The Jacobian of the
system at this equilibrium point is

by 0 —p
J=| an —bxn 0 |, pu=—xodz(x3) >0.
0 b3y —b33
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Fig. 2.7 Qualitative trend A
of the nullclines for
system (2.5). 3
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The corresponding characteristic polynomial is
p(s) = (s +b11)(s + b)) (s + b33) + ax1asnp = 57 + pas® + pis + po + az1any.

This polynomial has a pair of complex conjugate roots with positive real part, as it
can be inferred from the Ruth—-Hurwitz table:

+ 1 Pi

+ D2 po + axrazp
? (p1p2 — az1azp)/ p2

+ az1as

for large 1 there are two sign in the first column of the table, which means that there
are two unstable roots. These roots cannot be real because the polynomial coefficients
are all positive, so unstable roots must be complex conjugate.

In general, we can say there is an “interval" in parameter space in which oscilla-
tions are admissible: for xo small, the intersection occurs in a region where the slope
of u = —xod{3()f3) is small, thus there are no changes in the Routh-Hurwitz table
and the system is stable. [J

Note that it is not necessarily true that for large xo the system is unstable; in
addition, the instability interval of xo may be bounded. In fact, the equilibrium X3
increases for large xo, but it may transition to a region where d{; is very small,
compensating for the increase of x.

2.4.3 Adaptation

A system is adaptive if, when perturbed by a persistent input signal, its output always
reverts to a neighborhood of its value prior to the perturbation, in general after a
transient [1, 25, 26]. A sketch of this behavior is in Fig. 2.8. Adaptation is said to be
perfect if the system’s output reverts to its exact value prior to the perturbation.
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Fig. 2.8 System capable of adaptation

For small perturbations, linearization analysis suggests that adaptation requires
the presence of a zero in the system’s transfer function. If the system includes a
feedback loop, then the presence of a pole at the origin (integrator) is required [25,
26]. Establishing criteria to detect a system’s capability for adaptation is thus simple.
Consider the system:

X1 = —ba1(x1)x2 + X0, (2.6)
X2 = ajax) — bypxy + u. 2.7

We assume all the constants are positive, and that function b»;(x1) is a cropped
sigmoid, namely it is strictly increasing and exactly positive constant above a certain
threshold. Term xg is a constant, and u > 0 is a perturbing input.

Proposition 3 If xq is sufficiently large and u = 0, then system (2.6) has a stable
equilibrium point. Takin y = x, as the system’s output, perfect adaptation is achieved
with respect to constant perturbations on u > Q0.

Explanation. For # = 0 the equilibrium conditions are by (x1)x2 = x9 and ajpx] —
byyx>. Therefore the equilibrium x; can be expressed as the solution of:

ap
b21(X1)b—X1 = X0. (2.8)
22

For x¢ suitably large, x| increases until it falls in the range where b>; (a cropped
sigmoid) is constant, thus by (x1) = b21(00), and b}, (x1) = 0.
In this range, the linearized system is

X1 0 —bu(x1) || x1 0 x1
. + u =101
|:x2] |:1121 —by» X2 1 y=[01] X2
with output y() = x»(¢). The state matrix is a stable matrix, with characteristic
polynomial p(s) = s+ byas + b1 (x1)az. The transfer function is w(s) = s/p(s),
has a zero at the origin and thus the system locally exhibits perfect adaptation.
If u > 0 increases as a step input, after a transient the output x, returns to its

original value X, prior to the perturbation. However, the equilibrium of x; increases
to a new value such that ajpx; = bypXy + u. O
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Fig. 2.9 System presenting a spiking behavior
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Fig. 2.10 System presenting a persistent response

2.4.4 Spiking and Persistency: The MAPK Network as a Case Study

Spiking is a phenomenon observed in several molecular networks, in which a system
subject to a step input grows rapidly and subsequently undergoes a relaxation, as
sketched in Fig. 2.9. The relaxation bring the system to a new equilibrium, distinct
from the equilibrium prior to the input stimulation.

Persistency is closely related to bistability: it occurs when a transient input vari-
ation causes the system to switch its output to a new value, which persists upon
removal of the input, as shown in Fig. 2.10.

2.4.4.1 A Qualitative Model of the MAPK Pathway

Experiments show that the mitogen-activated proteinkinase (MAPK) pathway in
PC12 rat neural cells exhibits dynamic behaviors that depend on the growth factor
they are exposed to as an input. The response to Epidermal Growth Factor (EGF)
is a spike followed by a relaxation, while the response to Nerve Growth Factor
(NGF) is persistent. In the latter case, the system can be driven to a new state,
which persists after the stimulus has vanished. Ultimately, these dynamic behaviors
correspond to different cell fates: EFG stimulation induces proliferation, while NGF
stimulation induces differentiation. The biochemical mechanisms responsible for
the different input-dependent dynamic response are still unclear. One hypothesis is
that each input generates a specific interaction topology among the kinases. Starting
from experimental results that support this hypothesis [27], in our prevous work
we considered the two network topologies, and we derived and analyzed qualitative
models which exhibit structural properties [28]. Here we use a simplified, third
order model for the pathway. We refer the reader to [28] for a more detailed model
and its derivation. In our reduced order model, we neglect double-phosphorylation
dynamics, and model the active concentration of each MAPK protein with a single
state variable. We also neglect mass conservation assumptions regarding the total
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amount of MAPK protein [13, 16].

MAP3K: )'61 = u(x3, )C()) - bllxl (2.9)
MAP2K: X2 = ca1(x1) — bypxp (2.10)
MAPIK: X3 = c32(x2) — b3zxs 2.11)

Output:  y = x3 (2.12)

We assume: c»1 and ¢33 are strictly increasing asymptotically constant, i.e. ¢21(00) =
Cr1 < 00 ¢32(00) = ¢3p < 00, and null at the origin c21(0) = ¢32(0) = 0. Terms b;;
are positive constants. In essence, this model captures the fact that each protein in the
cascade is activated by its predecessor in the chain; in the absence of term u(x3, xq),
the system would be an open loop, monotonic cascade [12]. Term u(x3, xg) is a
feedback term modulated by an external input xp, and we consider two cases:

EGF u = ajp(x3)x9, where ajo(x3) is a complementary sigmoid, exactly constant
below a threshold 7 and exactly null over a threshold £. This configuration is
characterized by the presence of a negative feedback loop.

NGF u = ajo(x3) + x0, where ao(x3) is a sigmoid, exactly null below a threshold
1 and exactly constant over a threshold £. This configuration is characterized
by the presence of a positive feedback loop.

Under these assumptions, we show that in the EFG configuration the output exhibits
a spike, while in the NGF configuration the output is persistent.

2.4.5 The EGF-Induced Pathway and Its Spiking Behavior

The system in this configuration admits a single equilibrium; this can be shown as
for the third order oscillator model (2.5).

Consider ¢31(00) = ¢31, ¢32(00) = €37, the saturation value. Let X, = ¢21/b2
be the corresponding “saturation”, limit value of x;. Let, in turn,

X3 = c32(X2)/b33

be the limit value of x3. For large, increasing values of the input xg, the variable x;
increases and the equilibrium values of x, and x3 approach X, and x3. The following
proposition holds:

Proposition 4 Assume that the limit value for x3 is X3 > £. Then, for xo constant
sufficiently large, and for x;(0) = 0, we have: (a) First, x3 grows arbitrarily close to
X3. (b) Subsequently, x3 relaxes below &.

Proof Since ajg(x3) is constant for a small values of x3, if x¢ is large then by
continuity xj can grow arbitrarily large in an arbitrarily small amount of time 7 > 0.
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Then, considering the time interval [7, 7] where T is arbitrarily large, and given an
arbitrary ;1 > 0, by picking x (7) sufficiently large we can guarantee:

x1(t) = p for telr,T]. (2.13)

In fact, we have x| > —bjx1, thus x1(¢) > x; (T)e 11! on [7, T]; therefore, picking

a large initial value x1(7), equation (2.13) is verified. Thus, we can guarantee that

variables x, and x3 have values arbitrarily close to the upper limit X, and X3, being
wand T arbitrarily large.

If x3 increases, at some point in time the condition aj9(x3) = 0 is met. This

“switches off” the first variable, whose dynamics become: x; = —bjjx1, thus x;
starts decreasing; variables x, and x3 follow the same pattern. These concentrations
decrease until x3 < &. O

2.4.6 The NGF-Induced Pathway Is an Example of Persistent
Network

Let us now define ajp(co) = ajg as a saturation value. If x3 is greater than the
threshold &, then a1 (x3) = ajo; then, for xg = 0 we can find the equilibria from the
following conditions:

0 =aip — b11xi, (2.14)
0 = ca1(x1) — bnxa, (2.15)
0 = c32(x2) — b33x3, (2.16)

which yield x; = ajo/b11; X2 = c21(x1)/b22; X3 = ¢32(X2)/b33. The assumption
X3 > & means that the positive feedback given by the term ajg is able to sustain this
positive equilibrium.

Now consider the case where the input xo becomes arbitrarily large. Thus, X
becomes arbitrarily large. Defining ¢;1 = ¢31(00), we find the corresponding limit
values for the steady states: X = ¢1/b2 and X3 = c¢3(X2)/b33. It is immediate
that X; > X1, X > Xp, X3 > X3, because the “hat” equilibrium values are achieved
by means of an arbitrarily large input x(, while the “bar” values are achieved by the
bounded input ajg.

Proposition 5 Assume that x3 > & and that the previous inequalities are strict:
X1 > X1, X3 > X3, X3 > X3. Then, for x; (0) = 0 the following happens:

(a) If xo is constant and sufficiently large, and it is applied for a sufficiently long
time interval [0, T, then x3 grows arbitrary close to X3.

(b) If, after time T, the input signal x is eliminated (xo = 0), then x3 remains above
&

(¢) Finally, x3 converges to x3 from above.
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Proof We have seen that when xo = 0, X1, X2, X3 are admissible equilibria of the
system. Exactly as done in the EGF-driven network example, we can show that for
a sufficiently large input xq, variables xj x, and x3 can grow arbitrarily close to X,
x> and X3, above X, X2 and X3.

We only need to show that if all x; () grow above the corresponding X;, then they
will not reach values below x; after x is removed.

We begin by defining the new variables z; = x; — X;; then, z; = X; given by
equations (2.9)—(2.11). After xo is removed, the input is ajo(x3); in addition, since
we assume x3 > x3 > £ (so z3 > 0), we have ao(x3) = ajo. If we consider also the
steady state equations (2.14)—(2.16), we get

21 =—b1z 2.17)
22 = c21(z1 + X1) — c21(X1) — bnzo (2.18)
23 = c32(22 + 22) — 32(22) — b3323 (2.19)

This is a positive system in the z variables. Because we assumed that at some point
zi (1) > 0 (prior to the removal of xp), we can immediately see that this situation is
permanent.

To prove convergence, note that z; goes to zero in view of Eq. (2.17). Then
c21(z1 + X1) — c21(X1) goes to 0, so zz converges to 0. For the same reason, z3
converges to 0. (]

2.5 Structural Boundedness and Stability

Our qualitative modeling framework is generally described by Eq. (2.2):

£(0) =D aij()x; — D bin(¥)xn + Y eis(x) + D di(x).

JjeA; hebB3; seC; 1eD;

The general assumptions we made on functions a, b, ¢, and d guarantee non-
negativity of the states, which is a required feature to meaningfully model concentra-
tions of molecules. Another important feature of most biochemical system models
is boundedness of their states (possibly with the exception of pathological cases). In
the following, we outline additional assumptions and consequent results regarding
structural boundedness of the solutions to our general model (2.2).

2.5.1 Structural Boundedness

Consider the case in which states in model (2.2) are dissipative, i.e. the dynamics of
each variable include a degradation term —b;; (x)x;. We also assume that
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bii(x) > ﬁi > 0.

Obviously, this property alone does not assure the global boundedness of the solution.
However, if no unbounded a-terms were present, it would be simple to show that the
solutions are globally bounded.

Letus assume thateach a;; (x) termis bounded by a positive constant 0 < g;;(x) <
a;j. Then, we ask under what conditions we can assure structural boundedness of
the solutions. We build a graph G (.A) associated with the a;; terms, where there is a
directed arc from node j to node i for every term g;;. Then, the following theorem
holds.

Theorem 1 The system solution is structurally globally bounded for any initial
condition x(0) > 0ifand only if G (A) has no cycles (including self-cycles) including
a;i; terms.

In other words, structural boundedness is guaranteed if and only if there is no auto-
catalysis in the system.

Proof We first show that the condition is structurally necessary. Assume, ab absurdo,
that there is a cycle which includes a term ¢;;. Without restriction assume that the
cycle if formed by the first » nodes 1,2,...,r, forming a sequence a2, a3, ..., ar1;
also, assume that each term g;; is lower bounded by a constant . We finally assume
that the sum of all b;; terms appearing in the first r equations is upper bounded

by n: .
> D> bk <.
i=1 kebB;

Consider the Lyapunov-like function:
Vixi,x2, oo xp) = x1+x2+ -+ Xy,

and its derivative

r r r r
V= Z Xi = Z i j+1Xi41 — z bikxk | = Zai,i+1xi+l - ﬂzxi

i=1 i=1 keB; i=1 i=1

> (rk—n) D xi = (r—mV.

i=1

Then, if < rk, V increases and the equilibrium is not stable. Thus, structural
boundedness cannot hold.

Let us now consider the sufficiency part. If there are no cycles in G (A), then there
exists necessarily a node which is a root, i.e. its dynamics do not include a;; terms.
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Let us assume, without loss of generality, that node x; does not have any ay; term.
Then:

i=— > b+ Y e + D diyx)
/’lGB] SGC] €D

—Bix1 + Z c1s(x) + Z dy(x)

seCy leD;

IA

Since the ¢ and d terms are bounded, then the solution x; is bounded; without loss
of generality, assume x| < &, &1 > 0.

If x1 is bounded, then all terms (if any) of type ax; (x)x1 in other equations remain
bounded: axi (x)x; < C_lj1€1~

Let us consider the other nodes x», x3, ..., x,. Since there are no cycles including
a;j terms, there is at least one variable whose equation has either no a terms, or has
only a1 (x)x; terms from x1, which are bounded. Let us assume node x; fulfills this
statement. Then:

By =an()xi — ) bin(®)xn — D bin()xn + D cas(x) + Y dy(x)

hEBz hEBZ SECZ IGDZ

< —Bxr+anli+ D eax) + D dy(x).

seCy leD,

The above inequality implies boundedness of the solution x;.

The proof can be concluded recursively, by noticing that there must exists a new
variable, say x3 whose equation includes either no a;; terms or only bounded a3;
terms coming from x| and x», and so on. O

The following corollary holds.

Corollary 1 The solution to the general model (2.2) is bounded if and only there
are no a;j terms and all b;; terms are lower bounded by a positive constant, b;; > [3;.

This corollary highligths that boundedness is structurally assured in systems where
each species is degraded by terms of at least first order, and all the interaction terms
are bounded.

Example 1 As an example we consider the well known lac Operon genetic network.
We will propose and analyze a qualitative model or class: the classical model pro-
posed in [29] is arealization whitin this class. The state variables of our model are: the
concentration of nonfunctional permease protein x1; the concentration of functional
permease protein x»; the concentration of inducer (allolactose) inside the cell x3,
and the concentration of (-galactosidase x4, a quantity that can be experimentally
measured. The concentration of inducer external to the cell is here denoted as an
input function u#. A model for this system can be written in the following form (see
[16] for details).
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Fig. 2.11 Graph of the lac by b
operon network L )
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X1 = c13(x3) — brixy,

X2 = ap1x1 — byxo, (2.20)
X3 = az(u)xy — b3 (x3)x2 + c3uu — b3zxs,

X4 = c43(x3) — bagxy,

where c13(x3) = f1(x3), b11 = 01, az1 = Pi, b = 62, an) = fr(u) =,
b3 (x3) = f3(x3), c3u = (2, b33 = 03, c43(x3) = v f1(x3) and byy = d4. This
corresponds to the network in Fig. 2.11.

We assume that c3 is constant-sigmoidal, az>(u) and b3 (x3) are increasing-
asymptotically-constant, and the remaining functions asi, b11, b2z and b33 are
positive-constant.

The arcs associated to g;; terms in Fig. 2.11 do not form any cycles. Each node
is dissipative, therefore the solution is structurally bounded.

The requirement of having no a;; cycles can be strong, especially in chemical
reaction networks [11]. However, the conditions in Theorem 1 are necessary and
sufficient; we believe it is unlikely that stronger results can be found without assuming
bounds on the dynamic terms.

Note that Theorem 1 only requires that bounds on the functional terms exist, while
their specifc values need not be known. If such bounds are known, we obtain less
restrictive conditions. Note that model (2.2) can be written compactly as:

X(t) = A(x(0))x(t) — B(x(1)x(1) + C(x(1)) + D(x(1)), 2.21)

or as:
X()=Mx@)x@) + C(x (@) + D(x(1)), (2.22)

where M (x(t)) = A(x(t)) — B(x(¢)). If the elements of matrix M (x(t)) are con-

strained in a closed (even better if compact) set, M(-) € M, and if and if we can
demonstrate exponential stability of the associated differential inclusion [30]

X € Mx,
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then we can show the overall boundednessof the systems’ solution. To prove bound-
edness it is convenient to exclude a neighborhood of the origin: NV, = {x : x; > v}.

Theorem 2 Assume that M(x) € M for x € N and assume that the differential
inclusion is bounded and admits a positively homogeneous function V (x) as Lya-
punov function

V(x)=VVx)Mx < —yV(x)

forall M € M. Then the system solution is bounded.

Proof The proof is an immediate consequence of the fact that the trajectories of the
original linear systems are a subset of the possible trajectories of the linear differential
inclusions.
An exponentially stable differential inclusion has bounded solutions if perturbed
by bounded terms
xeMx+C+D

as in our case. |

Example 2 Consider a biological network composed by two proteins x; and x3:

X1 = +cio0 + ann(x)x2 — biixy,
Xo = 4c0 — b21(x2)x1 — byxo.

In this model, we suppose that both x| and x; are produced in active form at some
constant rates (terms c1o and c¢2¢), but they are inactivated, or degraded, at some speed
proportional to their concentration (terms b1 and b>;). However, suppose protein
x1 is activated by binding to x; this interaction in turn inactivates x: this pathway
is modeled by terms a2 (x1) and b1 (x2), which we assume are sigmoidal functions
asymptotically constant, consistently with a cooperative, Hill function-type protein
interaction.
We can rewrite the above equations as:

[)21} B [ —bu an +612} [Ja ] n |:c1o}
X2 | | =bu—0u —bxm x2 c20 |’
where 12 = ai2(x1) — aip and 971 = ap1(x1) — a1 and where ajy = aj2(o0) and
b1 = by1(00).

If the region near the origin is delimited by a “radius” v sufficiently large, the
bounds on 417 and dy; can be taken arbitrarily tight.

So inside N,, , for large v > 0, we may assume |J12| < € and |d21| < € with small
€. Since the nominal system, for §;2 = do; = 0 is quadratically stable, it admits a
quadratic Lyapunov function, inside N,, this is a Lyanpunov function. Inside N,, this
is a Lyapunov function for the system because the contribution of terms dj2x, and
dp1x1 is negligible.
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This technique allows us to prove boundedness, but not stability of the original
system. Boundedness does imply the existence of equilibria, but their stability may
be or may be not verified.

2.5.2 Structural Stability of Equilibria

If we can establish boundedness of a system, the existence of equilibria is automati-
cally assured. Then, we can ask two main questions:

e How many equilibria are present?
e Which equilibria are stable?

Several results from the so-called degree theory help us find answers; see, for
instance, [31-34]. Here, we recall one particularly useful theorem:

Theorem 3 Assume that all the system’s equilibria ¥ are strictly positive, and
assume that none of them is degenerate, i.e. the Jacobian evaluated at each equilib-
rium has non-zero determinant. Then:

Zi: sign det [—J (f(i))] =1

How does this theorem help us answer our questions? We describe informally
three cases that we can immediately discriminate as a consequence of this theorem.
Suppose analytical expressions for the Jacobian are available, as a function of a
generic equilibrium point.

1. If we can establish that the determinant of —J is always positive, regardless of
specific values for parameters or equilibria, then there is a unique equilibrium.

2. If at an equilibrium point we have det[—J] < 0, then such equilibrium must
be unstable (because the characteristic polynomial has a negative constant term
po = det[—J].) A consequence of Theorem 3 is that other equilibria must exist;
if they are not degenerate, then there must be at least two equilibria.

3. If there are two stable equilibria, then necessarily another unstable stable equi-
librium must exist.

In a qualitative/parameter-free context, general statements about stability of equi-
libria are difficult to demonstrate. If we restrict our attention to specific classes of
systems, however, we can find structural stability results. We mention a few, well
known examples:

e Chemical reaction networks modeled with mass action kinetics: the zero-deficiency
theorem [11] guarantees uniqueness of the equilibrium and asymptotic stability
of networks satisfying specific structural conditions that do not depend on the
reaction rate parameters.
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e Monotone systems: if a system is monotone [35], then its Jacobian has nonneg-
ative non-diagonal entries, in other words it is a Metzler matrix. For a Metzler
matrix, stability is equivalent to having a characteristic polynomial with all pos-
itive coefficients. This property is easy to check analytically in systems of small
dimension.

e Planar systems. Plenty of straightforward methods are available to find structural
stability conditions.

We conclude this section with a paradox:

Difficulty: Structural stability investigation is, generally speaking, an unsolved prob-
lem which typically requires a case-by-case study.

Interest: ~ Stability is generally of little interest to biologists, because many natural
behaviors in biology are known to be (obviously) stable. In other words,
formal proofs of stability are not very informative. However, lack of sta-
bility of an equilibrium can be a hallmark for other interesting behaviors,
such as multistationarity and periodicity.

2.6 Conclusions

A property is structurally robust if it is satisfied by a class of models regardless
of the specific expressions adopted or of the parameter values in the model. This
chapter highlights that qualitative, parameter-free models of molecular networks can
be formulated by making general assumptions on the sign, trend and boundedness of
the species interactions. Linearization, Lyapunov methods, invariant sets and graph-
ical tests are examples of classical control theoretic tools that can be successfully
employed to analize such qualitative models, often reaching strong conclusions on
their admissible dynamic behavior.

Robustness is often tested through simulations, at the price of exhaustive cam-
paigns of numerical trials and, more importantly, with no theoretical guarantee of
robustness. We are far from claiming that numerical simulations are useless: they are
useful, for instance, to falsify “robustness conjectures” by finding suitable numerical
counterexamples. In addition, for very complex systems in which analytical tools
cannot be employed, simulations are the only viable method for analysis. A limit of
our qualitative modeling and analysis approach is its lack of systematic scalability to
complex models. However, the techniques we employed can be successfully used to
study a large class of low dimension systems, and are an important complementary
tool to simulations and experiments.
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Chapter 3

Guaranteeing Spatial Uniformity

in Reaction-Diffusion Systems Using Weighted
L?* Norm Contractions

Zahra Aminzare, Yusef Shafi, Murat Arcak and Eduardo D. Sontag

Abstract We present conditions that guarantee spatial uniformity of the solutions
of reaction-diffusion partial differential equations. These equations are of central
importance to several diverse application fields concerned with pattern formation.
The conditions make use of the Jacobian matrix and Neumann eigenvalues of elliptic
operators on the given spatial domain. We present analogous conditions that apply
to the solutions of diffusively-coupled networks of ordinary differential equations.
We derive numerical tests making use of linear matrix inequalities that are useful
in certifying these conditions. We discuss examples relevant to enzymatic cell sig-
naling and biological oscillators. From a systems biology perspective, the paper’s
main contributions are unified verifiable relaxed conditions that guarantee spatial
uniformity of biological processes.
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3.1 Introduction

This paper studies reaction-diffusion partial differential equations (PDEs) of the form
Oou
E(w,t) = F(u(w,1),1) + Lu(w, 1), (3.1)

where £ denotes a diffusion operator. We prove a two-part result that addresses the
question of how the stability of solutions of the PDE relates to stability of solutions of
the underlying ordinary differential equation (ODE) ‘fj—f (t) = F(x(¢), t). The study of
this question is central to many application fields concerned with pattern formation,
ranging from biology (morphogenesis developmental biology, species competition
and cooperation in ecology, epidemiology) [8, 9, 23] and enzymatic reactions in
chemical engineering [24] to spatio-temporal dynamics in semiconductors [21].

The first part of our result shows that when solutions of the ODE have a certain
contraction property, namely 12 o (Jr(u, t)) < 0 uniformly on u and ¢, where p> o
is a logarithmic norm (matrix measure) associated to a Q-weighted L? norm, the
associated PDE, subject to no-flux (Neumann) boundary conditions, enjoys a similar
property. This result complements a similar result shown in [1] which, while allowing
norms L? with p not necessarily equal to 2, had the restriction that it only applied
to diagonal matrices Q and £ was the standard Laplacian. Logarithmic norm or
“contraction” approaches arose in the dynamical systems literature [12, 15, 17], and
were extended and much further developed in work by Slotine e.g. [16]; see also [18]
for historical comments.

The second, and complementary, part of our result shows that when pu o(Jy
(u,t) — Ap) < 0, where A3 is a nonnegative diagonal matrix whose entries are the
second smallest Neumann eigenvalues of the diffusion operators in (1), the solutions
become spatially homogeneous as t — oo. This result generalizes the previous
work [3] to allow for spatially-varying diffusion, and makes a contraction principle
implicitly used in [3] explicit.

We next turn to compartmental ordinary differential equations (ODEs), where
each compartment represents a well-mixed spatial domain wherein corresponding
components in adjacent compartments are coupled by diffusion [11], and present
spatial uniformity conditions analogous to those derived for the PDE case. We then
derive convex linear matrix inequality [4] tests as in [3] that can be used to certify the
conditions. Our discussion is punctuated by several examples of biological interest.
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3.2 Spatial Uniformity in Reaction-Diffusion PDEs

In this section, we study the reaction-diffusion PDE (3.1), subject to a Neumann
boundary condition:

Vui-n, 1) =0 YEe R, Viel0,o0). (3.2)

Assumption 1 In (3.1)—(3.2) we assume:

e 2 is a bounded domain in R” with smooth boundary 92 and outward normal n.
e F': V x[0,00) — R”is a (globally) Lipschitz and twice continuously differ-
entiable vector field with respect to x, and continuous with respect to ¢, with
components Fj:
F(x,t) = (Fi(x,1), ..., Fy(x, )7

for some functions F;: V x [0, 00) — R, where V is a convex subset of R”.
[ ]
L=diag(Ly,...,L,), and Lu= (Liuy,..., Loun)T,
where foreachi =1, ..., n,

(Liup)(w, 1) = V- (Ai(w)Vu;(w, 1), (3.3)

and A;: 2 — R"™™ is symmetric and there exist a;, 3; > 0 such that for all
weRand = ((1,....¢n)T e R™,

ol = (MAiw)¢ = Bil¢™ (34
Suppose that £ has r < n distinct elements Ly, ..., L, (up to a scalar). Namely,

diag(ﬁl,...,ﬁnl,...,ﬁn_nr_H,...,[:n) =

diag(dll,...,dlnl,...,drl,...,dmr)diag(Ll,...,L],...,Lr,...,Lr),
where ny +---+n, =n.Foreachi =1, ..., r,let D; be an n x n diagonal matrix
with entries [D;ln;_ +jn;_+j = dij, for j =1,..., n;, ng = 0 elsewhere. Also for
eachi =1,...,r,let £ be an n x n diagonal matrix with identical entries L;. Then

L can be written as below,

L= D& (3.5)
i=1

Some times it is easier to use expression (3.5) for L to prove theorems in this paper.

For a fixedi € {1, ...,n}, let )\f be the kth Neumann eigenvalue of the operator
—L;asin (33) (Al =0, ¥ > 0fork > 1, and \¥ — 0o as k — o0) and e be the
corresponding normalized eigenfunction:
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V- (4@ Vet @) = -Mefw), wee

Vel(©) - m=0, ¢eon (3.6)
Also foreachi =1,...,r,let )\f-‘ be the kth Neumann eigenvalue of —L;. Note
that
,
A = D ND;, where A¢ = diag (X, ... ML) 3.7)

i=1

Foreach k € {1, 2,...}, let Elk be the subspace spanned by the first kth eigenfunc-
tions:
k 1 k
Ef = {e,....¢;).

Now define the map [T ; on L2(£2) as follows:
Ik i(v) = v —m,i(v),

where 7y ; is the orthogonal projection map onto El{‘_l, and we define E? = 0.

Namely for any v = >3 (v, el.])el.j,

k—1 00
i (V) = Z(v, eij)ei] and [T ;(v) = Z(v, eij)eij, fork > 1,
j=1 j=k
m,i(v) =0, and IT;;(v) =v; (3.8)
where (x, y) ;= [x”y. Note that forany i = 1,...,n,
I i (v) : (3.9)
2i(v) = v—— [ v .
l 12| Je2
For any v = (v1, ..., v,), define [T} as follows:
T
My (v) = v —m(v) where m(v) = (M1 (WD), ..., Tn(Va))

Observe that 7 (v) is the orthogonal projection map onto E’l‘_] X -+ X Eﬁ_l.

Definition 1 By a solution of the PDE

ou
E(w, t)=Fu(w,1),t) + Lu(w,1t),
Vu; -n(&,t) =0 VEe€d2, Vtel0,00)

on an inte_trval [0, T), where 0 < T < 0o, we mean a function u = (uy, ..., u,)".,
withu: £ x [0, T) — V, such that:
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foreach w € 2, u(w, -) is continuously differentiable;
. foreacht € [0, T), u(-,t)isin Y, where Y is defined as the following set:

N =

[v:(vl,...,vn)T:fZ—>V| v € Cj (), %(5):0, V¢ € 082 Vi],

where Cﬂz{ (S_Z) is the set of twice continuously differentiable functions 2 — R.
3. foreachw € 2, and each t € [0, T'), u satisfies the above PDE.

Theorems on existence and uniqueness of solutions for PDEs such as (3.1)—(3.2)
can be found in standard references, e.g. [5, 22].

For any invertible matrix Q, and any 1 < p < oo, and continuous u: 2 — R”,
we denote the weighted L, ¢ norm, |[ull,,0 = [|Qu|l», where (Qu)(w) = Qu(w)
and || - ||, indicates the norm in L?(£2, R").

Definition 2 Let (X, || - | x) be a finite dimensional normed vector space over R or
C. The space L(X, X) of linear transformations M : X — X is also a normed vector
space with the induced operator norm

Mlx—>x = sup [Mx|x.
lxllx=1

The logarithmic norm px () induced by || - || x is defined as the directional derivative
of the matrix norm, that is,

1
M) = lim — (| +hiM|x>x—1),
px (M) hin&rh(” +hM|x-x — 1)

where [ is the identity operator on X.

In [1], we proved the following lemma:

Lemma 1 Consider the PDE system (3.1)—~(3.2), with L = DA, where D =
diag(dy, ..., dy). In addition suppose Assumption 1 holds. For some 1 < p < 00,
and a positive diagonal matrix Q, let

poi= sup kp.0(JF(x,1)).
(x,1)eV x[0,00)

(We are using jip, o to denote the logarithmic norm associated to the norm || Q| p
in R™.) Then for any two solutions u and v of (3.1)—(3.2), we have

lut, 1) = v, Dllp.o < ellu,0) — v, 0)llp,0-

The first part of the following theorem is a generalization of Lemma 1 to non-
diagonal P for the special case of p = 2. The second part of the theorem is a
generalization of Theorem 1 from [3] to spatially-varying diffusion.
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Theorem 1 Considerthe reaction-diffusion system (3.1)—(3.2) and suppose Assump-
tion 1 holds. Fork =1, 2, let

Pk = sup  po p(Jr(x, 1) — Ap),
(x,1)eV x[0,00)
for a positive symmetric matrix P such that foranyi =1,...,r:
P2D; + D; P> > 0. (3.10)

Then for any two solutions, namely u and v, of (3.1)—(3.2), we have:
lu(-, 1) = v(, Oll2.p < e |lu(-, 0) = v(-, 0)2,p- (3.11)

In addition
T, )2, p < e (-, 0)2,p. (3.12)

Before proving the main theorem of this section, Theorem 1, we first prove the
following:

Lemma 2 Suppose that P is a positive definite, symmetric matrix and M is an
arbitrary matrix.

1. If po,p(M) = i, then QM + MTQ <2410, where Q = P2

2. Iffor some Q = QT >0, OM + MT Q < 210, then there exists P = PT > 0
such that P* = Q and p p(M) < p.

Proof First suppose (2 p(M) = p. By definition of pi:

1 —1 -1 r
5 (pmrp +(PMP ) < ul.

Since P is symmetric, so is P! so
PMP~ '+ P 'MTP <2ul
Now multiplying the last inequality by P on the right and the left, we get:
P*M + MTP? <2uP?.
This proves 1. Now assume that for some Q = Q7 > 0, OM + MT Q < 2u0.
Since Q > 0, there exists P > 0 such that PTP = Q; moreover, because Q is

symmetric, so is P. Hence we have:

P’M + MTP? <2uP%.
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Multiplying the last inequality by P~! from right and from left, we
conclude 2. O

Remark 1 Observe that for Q > 0,

1.
OM+MTQ<uQ = OM+MTQ

IA

B,

where 3 = pA and A is the smallest eigenvalue of Q.
2.
OM+M'Q < BI = OM+M'Q < 70,

where v = % and )\’ is the largest eigenvalue of Q.

We now recall a result following from the Poincaré principle as in [13], which
gives a variational characterization of the eigenvalues of an elliptic operator.

Lemma 3 Consider an elliptic operator asin (3.3) and let v = v(w) be afunction not

identically zero in L*($2) with derivatives 8_U € Lz(.Q) that satisfies the Neumann
wj

boundary condition, Vv(w) -n(w) = 0, and forany j € {1, ..., k—1}, / veij =0.
2
Then the following inequality holds, for any k > 1:

/Vv~(A,-(w)Vv)dw > A{F/vzdw. (3.13)

2 2

Lemma 4 Suppose u € L?*(82) satisfies the Neumann boundary conditions. For any
kel{l,2,...},

(T (), LT () = — (T (u), Al (u)) . (3.14)

In addition for k = 1,2 and any n x n symmetric matrix Q with the following

property:
OD;+D;Q >0 i=1,...,r (3.15)

we have:
(I (u), QLM (w)) < — (T (), QAT (w)) . (3.16)

Proof Note that by (3.6), for any £ € 052,
0 . .
VI i (€) -n= D (i, ¢))Ve () -mn=0.
j=k

Also by the definition of [Ty ;, forany j =1,...,k — 1,
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/Hk,i(u,-)eij dw = 0.
Q

Then by this last equality, Green’s identity and Lemma 3 we get:
(I (u), LIk (1))

- /Hk(u)T (V- (A1 @ VT @), .. V- (A @) VT (u)) | dw
2

=3 [ M)V - (@9 it do
i:lg

= > [ st i)V T - s

i=log

= > [ V) AV ) do

i=1 Q
<= S [ ) de
= — (ITx(w), AxITx(n)) .

Since for eachi = 1,...,r, OD; + D;Q > 0, there exists positive definite
symmetric matrix M;, such that QD; + D; Q = 2Ml.T M; . Note that

2(ITk(w), OD; £iITi(u)) = (ITx(u), (QD; + D; Q)L I (u))
+ (), (QD; — D;i Q) £ilTi(w)) .

A simple calculation shows that (IT;(u), (OD; — D; Q)L IT;(u)) =0 :
Let Y = QD;. Then since Q and D; are symmetric, Y = D; Q. Also let
x = I (u) and y = Yx = QD; I (u). By the definition of £;, Y £; = £;Y, hence
we need to show:
(x, Liy) = (, Lix).

By the definition of £;, it suffices to show that forany j =1, ..., n:
(xj,Liy;)) = (yj, Lixj).

This last equality holds by the definition of L;, the Neumann boundary condition,
and Green’s identity. Therefore, using (3.14), for k = 1, 2, we get
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1
(i (u), QD; £i I (u)) = 5 (i (u), (QD; + D; Q) £iITi(u))

= (Mo, M My @)

= (M ITy (u), M; £ Ty (u))

= (M;ITx(u), £, M; ITi (1))

Uy (M;u), £ 1T (M, u))

K (M (M), T (M;u))

2N (M), QDM (w)) . (3.17)

A

Note that by the definition of £;, M; £; = £;M;. By (3.8) and (3.9), for any i, j =
1,...,n,
Iy; = I ; for k=1,2.

Therefore M; [Ty (u) = Ty (M;u) and for any /, [Ty ;(M;u) is orthogonal to el.] .Hence
we can apply the Poincaré principle. Now using (3.5) and (3.17), we get:

(i (), QLI (w)) = D (Mi(w), QD; Li I (w))

i=1

< = D A UTe(w), QDi M (w))

i=1
= — (ITx(u), QArlTi(u)) . (3.18)
The last equality holds by Eq. (3.7). (]
Lemma 5 Supposeu € L?*(2) satisfies the Neumann boundary conditions. For any
ke{l,2,...},
I, (Lu) = LITi(u).

Proof By the definition of [T and L, it is enough to show that for a fixed i(i =
1,...,n),

Iy i (Liui) = LiMy i (u;). (3.19)
Using the fact that Lieij = —)\{ eij , the right hand side of (3.19) becomes:
0 . . 0 . . 0 . . .
Lilly (i) = L; Z(Mi, e)el = Z(ui» e))Liel = — Z(”i’ e )N el
i=k i=k i=k

and using the orthogonality of the eij ’s, the left hand side of (3.19) becomes:
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j=k \i=1
o0
=— Z(u, e\ el
j=k
Hence (3.19) holds. (I

Lemma 6 Let w = u — x, where u is a solution of (3.1)—(3.2) and x = m(u) or
x = v is another solution of (3.1)—(3.2). Note that for x = v, w = I1;(u — v) and
for x = m(u), w = I1x(u). For a positive, symmetric matrix Q, let

1
D(w) = E(w, Ow).

Then 4o
E(w) = (w, Q(F(u,t) — F(x,1))) + (w, QLw). (3.20)

Proof For x = v,

do
) =@ —v, Q4 u—v))

(w, Q(F(u, 1) = F(v,1))) + (w, QL(u —v))
(w, Q(F(u, 1) — F(x, 1)) + (w, QLw).

For x = mp(u), i.e. w = ITr(u),

do d
E(w) = (ITx(u), Q7 (IT2(u)))
(ITy(u), QI (F (u,1))) + (w, QI2(Lu))
(I (u), QI (F(u, 1)) + (w, QLIT>(u)) by Lemma 5
(I (u), Q(F (u, t) — m(F(u, 1)) + (w, QLw)
(I (u), Q(F(u, 1) — F(m(u), 1)) + (w, QLw)
+ (W), Q(ma(F (u, 1)) — F(m(u), 1)))
= (w, Q(F(u,t) — F(x,1))) + (w, QLw).

Note that the last equality holds because Q (w2 (F (u, t))— F (m(u), t)) is independent
of wand [, ITp; (u) = 0. O
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Now we are ready to prove Theorem 1.
Proof of Theorem 1

Proof By Lemma 2,

OUr — Ap) +(Jr — AT O <210, (3.21)

where Q = P2. Define w and @ (w) as in Lemma 6 for 0 = P2, Since @ (w) =
1
7 | Pw||§, to prove (3.11) and (3.12), it’s enough to show that for k = 1,2

d
2 o) = 2P (w).

Note that by Lemma 4, and the fact that w = [T (4 — v) or w = I1(u), the second
d
term of the right hand side of (3.20), Eq)(w), satisfies:

(w, QLw) < —(w, QArw). (3.22)

Next, by the Mean Value Theorem for integrals, and using (3.21), we rewrite the
first term of the right hand side of (3.20) as follows:

(w, Q(F(u,t) — F(x,1))) = / wl (W, ) Q(F(u(w, 1), 1) — F(x,1)) dw

2

1
= /wT(w, t)Q/JF(x +sw(w, 1), 1) - ww,t) ds dw
0

2
1
= // w! (W, ) QJp(x + sw(w, 1), 1) - ww, 1) dw ds.
09
This last equality together with (3.22) imply:
(w, Q(F(u, 1) — F(x,1))) + (w, QLw)

1
5//wT(w,t)Q(Jp(x+sw(w,t),t)—Ak)
0 2

cw(w, t) dw ds

1
2
5%/ds/wTdew
0

2
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2
=ﬂ/wTdew
2

2

=2 @ (w).

Therefore
do
E(w) < 2P (w).

This last inequality implies (3.11) and (3.12) for k = 1 and k = 2 respectively. [

Corollary 1 In Theorem 1, if i1 < 0, then (3.1)—(3.2) is contracting, meaning that
solutions converge (exponentially) to each other, as t — +00 in the weighted Ly p
norm:

lu(-, 1) —v(, t)|l2,p — 0 ast — oo.

Corollary 2 In Theorem 1, if uo < 0, then solutions converge (exponentially) to
uniform solutions, as t — 400 in the weighted Ly p norm:

T (u(-, )|l2.p — 0 ast — oo.

Note that (3.16) doesn’t necessarily hold for any k > 2, since for k > 2, the [Ty ;’s
could be different for different i’s. In the following lemma we provide a condition
for which (3.16) holds for any .

Lemma 7 Assume PL = LP, where P is a positive, symmetric n X n matrix and
P%2 = Q. Thenforanyk =1,2, ...

(M (), QLM (w)) = — (i), QAT (w)) .

Proof The proof is analogous to the proof of (3.16), using the fact that PL = LP
implies that P is diagonal (if all £;’s are different) or block diagonal (for equal
Laplacian operators). O

Remark 2 Note that Theorem 1 is valid if PL = LP is assumed instead of (3.15),
because (3.16) holds by Lemma 7 and this is all that is needed in the proof. In the
following theorem we use this condition to generalize the result of Theorem 1 for any
arbitrary k but restricted to linear systems. We omit the proof, which is analogous.

Theorem 2 Consider the reaction-diffusion system (3.1)-(3.2) and suppose Assump-
tion 1 holds. In addition assume that F is a linear function. For k € {1,2, ...}, let

P = sup w2, p(Jrp(x, 1) — Ag),
(x,1)eV x[0,00)

for a positive symmetric matrix P such that PL = LP. Then for any two solutions,
namely u and v, of (3.1)—~(3.2), we have:
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Tk (u (-, 1) = v, 0) M2, p < e[ T (u(-, 0) = v(-, 0)) 12, p- (3.23)
Example 1 In [1] we studied the following system:

Xy =2—0x+kiy —ko(Sy — y)x +diAx
v = —k1y +ka(Sy — y)x +dr Ay,

where (x(¢), y(t)) € V = [0, 0c0) x [0, Sy] forall ¢t > 0 (V is convex), and Sy, ki,
kz, 0, di, and d; are arbitrary positive constants.

This two-dimensional system is a prototype for a large class of models of enzy-
matic cell signaling as well as transcriptional components. Generalizations to systems
of higher dimensions, representing networks of such systems, may be studied as well
[19].

In [19], it has been shown that for p = 1, there exists a positive, diagonal matrix
Q, independent of d1 and d», such that for all (x, y) € V, u1,0(Jr(x,y)) < 0; and
then by Lemma 1 one concludes that the system is contractive.

Specifically, [1] showed that for any positive, diagonal matrix Q and any p > 1,
there exists (x, y) € V such that 1, o (Jr(x, y)) > 0, where

F = (z—6x +kiy —ka(Sy — y)x, —=k1y + ka(Sy — y)x)7,

—d—a b
Jr = ( . - b) )
witha = k2(Sy — y) € [0, kx Syl and b = k1 + kox € [k, 00).
Now we show that there exists some positive, symmetric (but non-diagonal) matrix
P such that for all (x,y) € V, pa.pJr(x,y) < 0and P?D + DP? > 0, where
D = diag(d, d»). Then by Theorem 1 (for » = 1 and L;u; = Au;), and Corollary
1, one can conclude that the system is contractive.

2
1) 1 d
Claim Ler Q = [} ;i|, where ¢ > max 11+ R(m + %_) ,and d =
1

and

d
d—l. Then QJr + (QJr)T <0and QD + DQ > 0.
2

Note that Q is symmetric and positive (because g > 1).
Proof of Claim We first compute Q Jr:

11][-6—a b7 _ -5 0
1g a —b| |=0+@—Da-blg-1]

26 —0+(q—1a
—5+(q—Da —2b@g-1 |

So
QJr +Ur0) = [
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To show QJr +J1 Q < 0, we show that det (QJF (x, y) + JL (x, y) Q) > 0 forall
(x,y)eV:

det (QJF +Jr Q) —48b(g — 1) — (=6 + (¢ — Da)?.

Note that for any ¢ > 1, f(a) := (=6 + (¢ — D)a)*> < 6% on [0, k2Sy], and

g(b) == 46b(q — 1) > 46k1(q — 1) on [k, 00]. So to have det > 0, it’s enough to
52 0

have 46ki(g — 1) — 6> > 0,ie.g — 1 > —, i.e.q¢ > 1 + —. Now we compute

40k, 4k,
0D+ DQ:
2 dy +
D+DQ= .
eb+DQ [d1+d2 2qd2}

OD+ DQ > 0Oifandonly ifdet (QD + DQ) > 0, i.e. 4d1drqg — (di —|—d2)2 > 0,

2
1 d d
ie.qg > —+£ ,Whered:—l. O
2Jd 2 dy

Now by Remark 1 and Lemma 2, for P = /Q, uz.p(Jr(x,y)) < 0, for all
(x,y)eV.

Example 2 We now provide an example of a class of reaction-diffusion systems
x; = F(x) + DAx, with x € V (V convex), which satisfy the following conditions:

1. For some positive definite, diagonal matrix Q, sup 1,0 (Jr(x)) < 0 (and hence
xeV
by Lemma 1, these systems are contractive).

2. For any positive definite, symmetric (not necessarily diagonal) matrix P,
sup,ey H2,p(JF(x)) £ 0.

Consider two variable systems of the following type

xr=—f1(x) +91(y) +di1Ax (3.24)
i = f2(x) — g2(y) + d2 Ay, (3.25)

where dy, d> are positive constants and (x, y) € V = [0, o0) x [0, 00). The functions
fi and g; take non-negative values. Systems of this form model a case where x decays
according to f1, y decays according to g», and there is a positive feedback from y to
x (g1) and a positive feedback from x to y (f2).

Lemma 8 In system (3.24)—(3.25), let J be the Jacobian matrix of
(=10 + 1), o) = ()

In addition, assume that the following conditions hold for some A\ > 0, and pn > 0
andall (x,y) e V:
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L =)+ A0 < —p < 0;

1
2. —gh(y) + Xlgi WM <—p<0;

3. forany po € R
2

i (97 - Pogh(»))
y—>00 95(y)

Then

—_

. forevery (x,y) € V, u1,0(J(x,y)) <0, where Q = diag(1, \); and
2. for each positive definite, symmetric matrix P, there exists some (x,y) € V, such
that pa p(J (x, y)) > 0.

Proof The proof of 11, ¢ (J(x, y)) < Ois straightforward from the definition of 11, ¢
p1p

p 2
there exists some (xg, yo) € V such that po p(J(x0, yo)) > 0. By Lemma 2, it’s

enough to show that for some (xop, yo) € V, PJ(xo0, yo) + JT (x, yo)P £ 0. We
compute:

and conditions 1 and 2. Now we show that for any positive matrix P =

_[pt P |[-fi) gi(y)]
PI= [p Pz} [ fr(x) —=g5(y)

_ |:_P1f1/(x) + pfy () prgh () — pg/z(y)}
—pfi() + p2fy0) pgy(¥) — p2gr (M) |

Therefore, PJ 4+ (PJ)T is equal to

[ 2 (=p1f{(x) + pf () P19, (Y) — Pgh(y) — pfi(x) + pzfz/(X)]
P191(¥) — pgh(¥) — pf{(x) + p2 £ (x) 2 (pgy (v) — P2g5(»)) :

(not showing x and y arguments in f{ and f, for simplicity). Now fix xo € [0, c0)
and let
A = 2(—p1f{(x0) + pfs(x0)) .

and
B = —pf{(x0) + p2fs(x0).

Then det (PJ 4+ (PJ)T) is equal to

24 (pgi () — p2g5) — (P1g; () — pgh () + B). (3.26)

We will show that det < 0. Dividing both sides of (3.26) by p% g5(y), we get:
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det (PJ +(PDT) 24 (pgi(y) — p2g5(»))

Pih) PrgH()
2
(910 = pogy () + B)
g5(»)
/
= A’P—g} ) A'pa
92()’)
2
(@) = pogyM)” 91 )
g5 () ()
2
+2B'po —
g5(y)
2A B
where py = ﬁ, A = —, and B = —.
Pl P1 Pl

(Note that p?gh(y) > 0 because by condition 2, ¢ > y > 0, and P > 0 implies
p1#0)
By condition 2, 0 < T < X\ < oo for all y. Now using condition 3, we can
gy
find y large enough such that det < 0.
Since det (P J (xo, yo) + (PJ (x0, y0))") < 0 for some (xg, yo) € V, the matrix
PJ 4+ (PJ)T has one positive eigenvalue. Therefore PJ + (PJ)T « 0. O

Example 3 As a concrete example, take the following system

xr = —x 4yt 4+ d Ax
yi=06x — (¥} +y** +dy) + dr Ay,

where 0 < 6 < 1,0 < € « 1, d, dy, and d, are positive constants and (x, y) € V =
[0, 00) x [0, 00).

In this example we show that, the system is contractive in a weighted L' norm;
while for any positive, symmetric matrix P, and some (x, y) € V,u2 pJr(x,y) £ 0.
To this end, we verify the conditions of Lemma 8.

For any (x, y) € V, we take in Lemma 8, A = 1, and any y € (0, min{d, 1 — d}):

[

—146 <0, because 0 < § < 1.
2. =3+ Q4+ eyt +d)+ 2+ eyt =-3y?—d < —d <0.
3. For any pg € R,

hm(a—pw@+af“—pubﬂ+@f

= 00
y—>00 32+ 2+ eylte+d

So the conditions in Lemma 8 are verified. O
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3.3 Spatial Uniformity in Diffusively-Coupled Systems of ODEs

‘We next consider a compartmental ODE model where each compartment represents
a spatial domain interconnected with the other compartments over an undirected
graph:

(1) = F(u(r)) — Lu(r). (3.27)

Recall thatif A = (g;;) is anm x n matrix and B = (b;;) is a p x g matrix, then
the Kronecker product, denoted by A ® B, is the mp x nqg block matrix defined as

follows:
anB ... a,B

A® B =

am B ...au,B
where a;; B denote the following p x g matrix:

aijbll aijblq
ajjB = .

a,-jbpl N aijbpq
The following are some properties of Kronecker product:

. (A® B)(C® D) = (AC) ® (BD);

2. (A B)T = AT @ BT.

3. Suppose that A and B are square matrices of size n and m respectively. Let
AL, ..., \y bethe eigenvalues of A and i, . . ., u,, be those of B (listed according
to multiplicity). Then the eigenvalues of A ® B are \;uuj fori =1,...,n, and
j=1,...,m.

—_—

Assumption 2 In (3.27), we assume:

e For a fixed convex subset of R”, say V, F: VN — R"V s a function of the form:
- INT N
Fay = (Fah.....Fa™)T)

where u = (WH7, ..., (uN)T)T, with u’ € V foreachi,and F: V — R" is a
(globally) Lipschitz function.
e Forany u € VY we define lull .o as follows:

)

p

T
lullp.o = H(nQulnp, o leu,)

where Q is a symmetric and positive definite matrix and 1 < p < oo.
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With a slight abuse of notation, we use the same symbol for a norm in R":

Ixllp.0 = I1Qx]lp-

e u:[0,00) > VN isa continuously differentiable function.
[ ]

n
L= ZLi ® Ei,
i=1

where for any i = 1,...,n, L; € R¥*V is a symmetric positive semidefinite
matrix and L1y = 0, where 1y = (1, ..., l)T € RY. The matrix L; is the sym-
metric generalized graph Laplacian (see, e.g., [ 10]) that describes the interconnec-
tions among component subsystems. Forany i = 1,...,n, E; = eieiT e R is
the product of the ith standard basis vector e; multiplied by its transpose.

Similar to the PDE case, we assume that there exists »r < n distinct matrices,
Ly, ..., L, such that

diag (L1, ..., Luys -y Ly—n, 41, - Ln)
=diag(d11,...,dlnl,...,drl,...,dmr)diag(Ll,...,L],...,Lr,...,Lr),
where n; + ---+n, = n. Foreachi = 1,...,r, let D; be an n x n diagonal
matrix with entries [D;]n;_ yjn;_1+j = dij, for j = 1,...,n;, nop = 0 elsewhere.

Therefore we can write £ as follows:

,
L= ZLi ® D; (3.28)

i=1
Forafixedi € {1, ..., n}, let /\f be the kth eigenvalue of the matrix L; and ef.‘ be
the corresponding normalized eigenvector. Also for a fixed i € {1, ..., r}, let )\f-‘ be

the kth eigenvalue of the matrix L;. Note that
r
A= D" NDj, (3.29)
i=1

where Ay = diag()\k, el )\ﬁ).
For each k € {1,2,..., N}, let Elk be the subspace spanned by the first kth

eigenvectors:

EF = (ei], ...,elf).

1 L

Now let 7 ; be the orthogonal projection map from RY onto Elk -1 Namely for

N iy
any v = ijl(v -ej)e;,



3 Guaranteeing Spatial Uniformity in Reaction-Diffusion Systems 91

k—1
i (v) = Z(v-e{)e{,
j=1
forl <k < Nandm;(v) =0. '
Now foru = (u', ..., u"™) with u/ € R", define 7 () as follows:
n
m) = D ()’ ®ej, (3.30)
j=1
forl <k < N,whereu; :=@u'-¢ej,....,u" -e;)T;and 7 (u) = 0.

Note that for each k and any u, v € RN,

n

(u— Wk(u))T m(v) = Z (uj — Wj’k(uj))T mix(j) = 0. (3.31)
j=1

‘We also can define 7 (u) as follows:
) N
Fori =1,...,n,leteée = Zj:] eij ® e;. It is straightforward to show that
el, ..., e" are linearly independent and for any i, j € {1, ..., n}, ¢l el = 0. Hence
one can extend {e'}, _, _ to an orthogonal basis for RV, {e Then for each

k=2,...,nN,andanyueR”N,

i}lgiSnN'

k—1

m(u) = Z(u -ej) ej,

j=1

and 71 () = 0. Note that for k = 1, .. ., n, this definition is compatible with (3.30).
‘We now state Courant-Fischer minimax theorem, from [14].

Lemma 9 Let L be a symmetric, positive semidefinite matrix in RN*N. Let X! <
- < AN be N eigenvalues with e', ..., eV corresponding normalized orthogonal
eigenvectors. For any v € R, ifvie/ =0for1 < j <k —1, then

vl Lv > Mol y.

Lemma 10 Let w := u — x, where u is a solution of (3.27) and x = v is another
solution of (3.27) or x = mu), ie. x = Iy ® (% Z?’Zl uj). For a positive,
symmetric matrix Q, let

1 7
D(w) = Ew Iy ® Q) w.
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Then

‘;—f(w) =w! (In® Q) (F(u,t) — F(x,1)) —w! (Iy ® Q) Lw. (3.32)

Proof When x = v, the claim is trivial because both u and v satisfy (3.27). When
x = m(u), then, by orthogonality, Eq. (3.31), and the definition of 75, we have:

do . ~
z(w) =@ —mw)" Iy ® Q) (F(u,1) = m(F@u,) +w’ (Iy ® Q) Lw

= —mw)" (Iy® Q) Fu,n+w" (Iy® Q) Lw
= —=mw)" Uy ® Q) (Fu, 1) = F(m), ) +w’ (Iy ® ) Lw,

The last equality holds because

N
u—m@)’ (Ix ® Q) F(ma(u), 1)) = » (u/ — i) QF (it)

j=1

N
=D/ —Ni|QFw) =0,
j=1

1 N .

= — J
where u = N ijl u’l.
Theorem 3 Consider the ODE system (3.27) and suppose Assumption 2 holds. For
k=1,2, let

Wk = sup o, p(JF(x, 1) — Ap),
(x,1)eV x[0,00)
for a positive symmetric matrix P such that for everyi = 1,...,r,
P?D; 4+ D; P? > 0.

Then for any two solutions, namely u and v, of (3.27), we have:

I = v)D)ll2,p < e[| — v)(O0)]l2,p- (3.33)

In addition
[ —m)Ol2,p < ' [(u —m)) (02, p. (3.34)

Proof By Lemma 2,

OUr — Ak) +(Jr — AT O <210, (3.35)
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where Q = P2. Define w and @ (w) as in Lemma 10 for 0= P2, Since ®(w) =
1
5 | Pwl|3, to prove (3.33) and (3.34), it’s enough to show that for k = 1, 2

d
2 QW) = 2P (w).

We rewrite the second term of the right hand side of (3.32) as follows. Since
0= P2 and P2D,~ + D,‘P2 > (, there exists symmetric, positive definite matrices
M; such that QD; + D; Q = 2M] M;.

wl(Iy @ Q) Lw = w' (Iy ® Q)(ZLi ® Di)w

i=1

=w! (Z INL; ® QD,-)w

i=1

1 r
= EZwT (L ® (OD; + D; Q) w

i=1
,
=> w’ (Lo M M)u
i=1

=2 w (N @M (Li ® ) (Iy ® M) w

i=1

;
> D> A (U @ Myw)" (Iy ® Myw  (fork = 1,2)
i=1
r
=> Aw' Iy @ M] My)w
i=1

=2 Xw'(Iy® QD)w
i=l

=wl(Iy® 0Apw  [by Eq. (29)]

Therefore
—wl(Iy® Q) Lw < —wT (Iy ® QA w. (3.36)

Note that the first inequality holds for k = 2 by Lemma 9 and the fact that for
x = m(u), by definition, w1,y = 0andhence (Iy ® M;) wl,y = 0. It also holds
for k = 1, since L; and hence L; ® I, are positive definite, and )\} =0.

Now, by the Mean Value Theorem for integrals, and using (3.21), we rewrite the
first term of the right hand side of (3.32) as follows:
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N

wl (Iy ® Q) (F(u, 1) — F(x, 1)) = Z wi QF W, 1) — Fx', )w' ds
-
Z/ wiTQJF(xi +sw', Hw' ds.
i=1 0

This last equality together with (3.36) imply:

w! (Iy ® Q) (Fu,t) — F(x,1)) —w’ (Iy ® Q)Lw
Z/ JF(x" +sw', 1) —Ak) w' ds
1
%/ds wiTQu)i
0

2p 1
= TUJ Uy ® Q)w
=2u®(w).

=

'M2

I
<N

1

Therefore
—(w) 2P (w).
This last inequality implies (3.33) and (3.34) for k = 1 and k = 2 respectively. [

Corollary 3 In Theorem 3, if uy < 0, then (3.27) is contracting, meaning that
solutions converge (exponentially) to each other, as t — +00 in the P-weighted L,
norm.

Corollary 4 In Theorem 3, if uo < 0, then solutions converge (exponentially) to
uniform solutions, as t — +00 in the P-weighted L, norm.

3.4 LMI Tests for Guaranteeing Spatial Uniformity

The next two results are modifications of Theorems 2 and 3 in [3]. They allow us to
apply check the conditions in Theorems 1 and 3 through numerical tests involving
linear matrix inequalities.

Proposition 1 Ifthere exist constant matrices Z, ..., Zg and Sy, . . ., Sy, such that
forallx € V, t € [0, 00),

Jp(x,t) € com{Zy, ..., 2,4} + cone{Sy, ..., Su}, (3.37)
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where

comv(Zy, ..., 2q) ={a1Z1+---a4Z4 | a; > 0, zai =1},
i

and
cone(Sy, ..., 8n) ={b1S1 + -+ bmSm | b; > 0},

95

then the existence of a scalar p and symmetric, positive definite matrix Q satisfying

QZi—A)+Zi— AT Q<pQ,i=1,....q
0Si+Sro=<0,i=1,....m

implies that:
OUF(x, 1) — Ap) + (Jp(x, 1) — AT Q < pQ

forall (x,t) € V x [0, 00); or equivalently

1
= sup  po,p(Jp(x, 1) — Ap) < 7,
(x,t)eV x[0,00) 2

where P2 = Q.

If the image of V x [0, 00) under Jr is surjective onto conv{Zy, ...

cone{Sy, ..., Sy}, then the converse is true.

Proof First, we rewrite the first set of conditions of (3.38) as:

I wAT .
0(Zi—A=31)+(Zi— A= 31 0<0, i=1,...,q

Defining D = Ay + %1, we can rewrite (3.41) as:

QZi—D)+(Zi—D)TQ<0, i=1,....,q.

(3.38)

(3.39)

(3.40)

7Zq} +

(3.41)

(3.42)

An application of [3, Theorem 2] concludes the proof. Also an application of

Lemma (2) implies that (3.39) and (3.40) are equivalent.

We define a convex box as:

bOX{M(),M],...,Mp}={M()+w1M1 +...+prp|w,- € [0, 1]

foreachi =1,..., p}.
Proposition 2 Suppose that Jr(x, t) is contained in a convex box:

Jr(x, 1) € box{Ag, A1, ..., A;} Vx € V, t €0, 00),

(]

(3.43)

(3.44)
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where Ay, ..., A; are rank-one matrices that can be written as A; = B; CI-T, with

B;, C; € R". If there exists a scalar p and symmetric, positive definite matrix Q
with:

o=|. " (3.45)

satisfying:

Ao— Ay B Ao— A B " 1Q 0
Q[ cr —IJJF[ cr —IJ Q<[00] (3:46)

with B = [By...Bjland C = [Cy ... C|], then the upper left (symmetric, positive
definite) principal submatrix Q satisfies

QUF(x, 1) — A + (Jp(x, 1) — AT Q < pO; (3.47)
or equivalently
) 1z
M = sup po,p(Jr(x, 1) — Ag) < 5 (3.48)
(x,t)eV x[0,00)

where P2 = Q.
Ifl = 1 and the image of V x [0, 00) under J is surjective onto box{Ag, A1},
then the converse is true.

Proof First, we rewrite condition (3.46) as

L ) T
Ao—Ak—%I B Ao—Ak—%] B
Q[ cT ~1, + cT 1, 9 <0. (3.49)

Defining D = Ay + 51, we can rewrite (3.41) as:

T
Ay— D B Ay— D B
Q|: cT _Ini| +[ cT _Ini| Q<0. (3.50)

An application of [3, Theorem 3] concludes the proof. Also an application of Lemma
(2) implies that (3.47) and (3.48) are equivalent. U

The problem of finding the smallest y such that there exists a matrix Q as in
Proposition 1 or a matrix Q as in Proposition 2 is quasi-convex and may be solved
iteratively as a sequence of convex semidefinite programs.
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Example 4 Ring Oscillator Circuit Example
Consider the n-stage ring oscillator whose dynamics are given by:

it = —nix} — a1 tanh(B1x}) + wy
i = =k + az tanh(Boxf) + wf
(3.51)

with coupling between corresponding nodes of each circuit. Ring oscillators have
found wide application in biological oscillators such as the repressilator in [6]. The
parameters 1 = ﬁ, ag, and G correspond to the gain of each inverter. The input
is given by:

wh=d; D (! —xb), (3.52)
JENi
whered; = —L_and\, «.i denotes the nodes to which node i of circuit k is connected.

RO C;
We wish to determine if the solution trajectories of each set of like nodes of the
coupled ring oscillator circuit given by (3.51)—(3.52) synchronize, that is:

l-j - xll‘ — 0 exponentially as t — oo (3.53)

X
for any pair (j, k) € {1,..., N} x{1,..., N}and any index i € {1, ..., n}.

For clarity in our discussion, we take n = 3 as in Fig. 3.1. We first write the
Jacobian of the system (3.51), where we have omitted the subscripts indicating circuit
membership:

=M 0 MGy
J@|,_g=| @) —m 0 |, (3.54)
0 71(x3) —m

with 71 (X)) = —a1Bisech®(51%3), 72(%2) = aafasech?(frx1), and 13(X3) =
azB3sech?(53%2). Define the matrices

[=m 0 0 00 —ai 3
Ao = 0 —m O Ar=[00 O
L 0 0 —mn3 00 O
0 00 0 0 O
Ay=| a3, 00 A3=10 0 O0]. (3.55)
0 00 0a33;0

Then it follows that J(x) is contained in a convex box:

J(x) € box{Ao, Ay, A2, Az}. (3.56)
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1,1 1,2
R1 Ro R3
(S Cy — Cs
R R®)
@ 2,1 2,2
R
R Ry Rs3
G Cy Cs
R R®)
3,1 3,2
Ry R> R3
(S Cy Cs I

Fig. 3.1 An example of a network of interconnected three-stage ring oscillator circuits as in (3.51)
coupled through nodes 1 and 2

While the method of Proposition 1 involves parametrizing a convex box as a convex
hull with 27 vertices, and potentially a prohibitively large linear matrix inequality
computation, the problem structure can be exploited using Proposition 2 to obtain
a simple analytical condition for synchronization of trajectories. In particular, the
Jacobian of the ring oscillator exhibits a cyclic structure. The matrix M for which
we seek a Q satisfying (3.49), or equivalently (3.46), is given by:

0 0—-aif
_ _ K
M:[AO é‘% 21_31], B=|whk 0 0|, c=51 @357
0 a303 0
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Note that the matrix M exhibits a cyclic structure, and by a suitable permutation G
of its rows and columns, it can be brought into a cyclic form M = GMGT . Since M
is cyclic, it is amenable to an application of the secant criterion [2], which implies
that the condition

T3 o6
. =1/ — < sec” (f) (3.58)
Ii_(m+XN+5%) 3
holds if and only if M satisfies
OM+MTQ <0 (3.59)

with negative p, for some diagonal Q > 0. Pre- and post-multiplying (3.59) by G
and G, respectively, (3.59) is equivalent to:

GTOGM + MTGT OG < o0. (3.60)

Thus, if Qis diagonal and satisfies (3.59), then Q = GTOG is diagonal and sat-
isfies (3.46). We conclude that if the secant criterion in (3.58) is satisfied, then by
Proposition 2, we have:

sup (Jp(x, 1) — Ap) < E
(x,1)eV x[0,00) 2

Because Q is diagonal and positive, Q is diagonal and positive. Therefore:
OD; +D;Q > 0 foreachi=1,...,r.

Therefore, since ;1 < 0, by Corollary 4, we get:

x! — xF — 0 exponentially as 1 — oo (3.61)
for any pair (j, k) € {1,..., N} x {1,..., N} and any index i € {1, 2, 3}.

We note that the condition for synchrony that we have found recovers Theorem
2 in [7], which makes use of an input-output approach to synchronization [20]. We
have derived the condition using Lyapunov functions in an entirely different manner

from the input-output approach.

3.5 Conclusions

We have derived Lyapunov inequality conditions that guarantee spatial uniformity
in the solutions of compartmental ODEs and reaction-diffusion PDEs even when the
diffusion terms vary between species. We have used convex optimization to develop
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tests using linear matrix inequalities that imply the inequality conditions, and have
applied the tests to several examples of biological interest.
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Chapter 4
Robust Tunable Transcriptional Oscillators
Using Dynamic Inversion

Vishwesh V. Kulkarni, Aditya A. Paranjape and Soon-Jo Chung

Abstract We present a theory and associated algorithms to synthesize controllers
that may be used to build robust tunable oscillations in biological networks. As
an illustration, we build robust tunable oscillations in the celebrated repressilator
synthesized by Elowitz and Leibler. The desired oscillations in a set of mRNA’s
and proteins are obtained by injecting an oscillatory input as a reference and by
synthesizing a dynamic inversion based tracking controller. This approach ensures
that the repressilator can exhibit oscillations irrespective of (1) the maximum number
of proteins per cell and (2) the ratio of the protein lifetimes to the mRNA lifetimes.
The frequency and the amplitude of at least one output (either mRNA or protein)
can now be controlled arbitrarily. In addition, we characterize the %5 gain stability
of this 3-node network and generalize it to the case of N-node networks.

Keywords Transcriptional network + Elowitz-Leibler + Dynamic inversion - Adap-
tive control - .} adaptive control - mRNA - Protein - Tracking controller - Stability *
Zames-Falb multiplier

4.1 Introduction

The objective of this chapter is to illustrate how dynamic inversion control and the
theory of Zames-Falb multipliers may be used to build tunable networks of synthetic
biological oscillators. Synthesis of robust genetic circuits programmed to perform
a particular function in vivo is a defining goal of synthetic biology. In [6], Elowitz
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and Leibler presented one of the first synthetic biological constructs in the form of
a transcriptional oscillator. This oscillator, which we shall refer to as the EL repres-
silator, is obtained by implementing a network of three non-natural transcriptional
repressor systems in Escherichia coli. Synthesis of a green flurorescent protein is
the read out for the state of this network in individual cells. Since the oscillations
reported in [6], with typical periods of hours, are slower than the cell-division cycle,
the state of the oscillator gets transmitted from one generation to the next. The EL
repressilator was published in year 2000 and a number of interesting synthetic bio-
logical oscillators have been synthesized since then (e.g., see [1, 4, 7, 8, 13, 14, 18,
22, 23], and references therein). However, it has a compellingly simple and elegant
construction, and remains a landmark in synthetic biology. Hence, we focus on the
EL repressilator as the given system (i.e., the plant in the control theory terminology)
in which tunable oscillations are to be synthesized. The controller synthesis approach
is somewhat similar to the %] controller developed in [17] to induce oscillations in
mitogen activated protein kinase (MAPK) cascades. This theory can be applied to
synthesize robust tunable oscillations in other biological systems as well.

4.2 System Description

The repressilator is a cyclic negative-feedback loop comprising three repressor genes
and their corresponding promoters (see Fig. 4.1). The three proteins used are Lacl
taken from Escherichia coli, TetR taken from Tn10, which is a DNA sequence with
the ability to move to different positions within a single cell, and cI taken from a
specific species of bacteriophage that infects Escherichia coli. Lacl inhibits TetR
transcription, TetR inhibits cI expression, and cI inhibits Lacl expression, thus cre-
ating a cyclic negative feedback loop. The following first-order ordinary differential
equations (ODEs), which assume all three repressors are identical except for their
DNA, model the kinetics of the EL repressilator (see [6]):

dm,' n o +

— =—m;i +——+ o,

dt ' l—i—p;f ro

d .

% = — B(pi — mi). @.1)

where (i, j) € {(1, 3), (2,1), (3, 2)}, the indices 1, 2, 3 denote Lacl, TetR, and cI,
respectively, p; is the concentration of the repressor-proteins, m; is the concentration
of their corresponding mRNA, «; ¢ denotes the number of protein copies per cell
produced from the promoter type i during continuous growth in the presence of
saturating amounts of repressor and «; is the surplus in the absence of saturating
amounts of repressor, B is the ratio of the protein decay rate to the mRNA decay rate,
and n is a Hill coefficient. Here, time is rescaled in units of the mRNA lifetime, the
protein concentrations are written in units of K 7, which is the number of repressors
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o) (i) " (i) e
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Lacl v GFP
output

Fig. 4.1 i The repressilator is a network in which three nodes are connected in cyclic inhibitary,
i.e., negative, feedback loop. ii Each node comprises repressor a gene, its promoter, and synthesized
protein. Its input stage is an mRNA m; and its output stage is the corresponding protein p;. This
network was implemented in a plasmid by Elowitz and Leibler in [6]. iii The read-out reporter
plasmid contains GFP fluorescence, which is inhibited by TetR. In (i) and (iii), the blunt arrows
represent the inhibition interactions

necessary to half-maximally repress a promoter, and the mRNA oncentrations are
rescaled by their translation efficiency, which is the average number of proteins
produced per mRNA molecule. In [6], it is implicity assumed that o; = «; for all
i,jefl,2,3}and oj o = g foralli € {1, 2,3}. Let ¢p(x) = —%. Let

. 1 1 1 1 1 1
¥ = diag ( , , , , ; ).
s+1 s+1 s+1 s+8 s+8 s+ 8

Then, a block-diagram representation of the EL repressilator is as shown in
Fig. 4.3; the feedback nonlinearity @ for this negative feedback system is speci-
fied in Fig. 4.2 while the output y; and the exciting exogenous inputs r; and r, are
defined as follows: y; = [my ma m3 py pa p3l’, r1 = [aio aio @0 00 0]7,
r» = [000000]”. For mathematical convenience, we shall denote this system, i.e.,
the EL repressilator, as ..

The stable and unstable regions in the state-space for the EL repressilator have

been characterized in [6] as follows. This system of equations has a unique steady
B+1)? 3x2

; - oanp"
state, which becomes unstable when 5 < 1% where X a7 and p is
a solution to the equation p = @)‘7 + . The boundary between the stable and

the unstable region is as shown in Fig. 4.2. The unstable domain increases with an
increase in the Hill coefficient n and is independent of g for sufficiently large values
of a. When the leakiness «; o becomes comparable to K, (which is normalized to
1 in [6]), the unstable domain shrinks (compare the curve B, for which «; 0 = 0, to
the curve C, for which «; 0/0; = 0.001). Multipliers required to obtain sufficient
conditions for the stability of such systems are derived in [15] and [16]. It may
be remarked that by substituting the Zames-Falb multipliers used in [2] with these
multipliers, it is possible to obtain a set of sufficient conditions under which this
system will oscillate in response to the initial conditions alone.
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Fig. 4.2 The stability diagram of the repressilator model; the shaded region represents the unstable
steady state while the unshaded region represents the stable steady state. Curve A, which consists of
parameter values n = 2.1 and «; o = 0, marks the boundary between the two regions. The parameter
values for curves Band C aren =2, ;0 =0andn =2 and o; o/0;; = 1073, respectively. Also,
shown are the four regions of interest: Region 1 through Region 4. (Image partially reproduced
from [6])
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L0 0 -1 0 0 0|

Fig. 4.3 A block diagram decomposition of the EL repressilator .7

4.3 Stability Analysis for .77

The notation used is summarized in Table4.1. We mostly follow the notation intro-
duced in [5, 26]. We say that an operator F mapping a Hilbert space into itself is
positive if the inner-product (x, Fx) > 0 Vx and memoryless if the output is inde-
pendent of the time history of the input. We say that an operator F is input-output
stable if it holds that every norm-bounded input x produces a norm-bounded output
Fx. We say that an operator F is .%-stable if it is input-output stable with the norm
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Table 4.1 Notation

Symbol Meaning
(RTMHR Set of all (nonnegative) real numbers
R Set of all n-dimensional real-valued vectors
R>m Set of all n x m real-valued matrices
Z Set of all integers
% Class of continuously differentiable functions
) or ()T Transpose of a vector or a matrix (-)
skew(+) Skew [Hermitian] part of (-)
[Herm(-)]

(o]
(x, ¥ = / yl(x(t)de

—o0

1
(x. ¥} = Of yh(0x @t
[lx |l = /< x,Xx > (£-norm, energy of x)
b Space of possibly vector valued signals x

for which the energy ||x|| < oo
for which ||x]| < c0oV.L e R

o0
llzll = [ |zl dr
—00
x* x*t) = xT (=) if x(t) € R"
(we assume x(¢) = 0 for all 1 < 0)
y (M) = sup % (Gain of operator M)
X
diag(e;) Diagonal matrix with ; as its elements
LTI Linear time-invariant
SISO Single-input-single-output
MIMO Multi-input-multi-output

chosen to be the % -norm. The term multiplier denotes a convolution operator. We
say that a matrix is stable if the real parts of all its eigenvalues are negative valued.

Definition 1 A function f : R" > R" is said to be continuously (smoothly) differ-
entiable if the derivative exists and is continuous (smooth). ([l

Definition 2 A function f : R" — R is said to be Lipschitz if there exists a
constant L > 0 such that, for all x;, xo € R”, || f(x1) — f(x2)|| < L|lx; —x2||. O

Definition 3 A system is said to be .25 stable if the energy of its output is finite for
every finite energy input. g

Definition 4 An operator F : Ly, —> % is said to be positive if (x, Fx) > 0Vx €
. 1f, additionally, there exists a constant § > O such that (x, Fx) > 8|lx]|2 Vx €
2, then F is said to be strongly positive. O

Definition 5 Let A = diag(a;) and B = diag(b;) be matrices in R"*" with b; >
a; Vi. AMIMO nonlinearity N : % — % is said to be a sector [A, B] nonlinearity
if (N(x) — Ax, Bx — N(x)) > 0Vx € R". (I
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Fig.4.4 iThefeedbacksystem = H is stable and linear time-invariant, N € .4".ii The system & af-
ter a multiplier transformation—if the Zames-Falb multipliers are used, then M, M;l S M* M i_l
are causal and stable with finite gain. (This figure is reproduced, in part, from [27])

Definition 6 .4  denotes the class of MIMO nonlinearities N : % — % for which
the following equations hold.

N(0) =0;
(r—s,N(r)—N(s))>0Vrxe; “4.2)
Ja constant ¢ > 0 such that |[|N()|| < cl||r|| Vr € Z.

Noga ={N € NV : N(x) = —N(—x) Vx € %} U

Remark 1 The inequality (4.2) is the incremental positivity condition, which is a
MIMO extension of the SISO monotonicity property. (]

Remark 2 A negative feedback interconnection of a stable LTI system and a .4
nonlinearity is commonly referred to as a Lure’ system (see [21, 27]). O

A celebrated result on the .%»-stability analysis of Lure’ systems is due to Zames
and Falb (see [27, Theorem 2]). In [27], Zames and Falb introduced a class of non-
causal multipliers to investigate the %5 stability of the feedback system &, shown in
Fig. 4.4i, which has a stable, linear time-invariant (LTI) plant H in the feed-forward
path and a memoryless, norm-bounded, monotone nonlinearity N in the feedback
path; these multipliers are now commonly referred to as the Zames-Falb multipliers.
The Zames-Falb multiplier approach to determining stability of a system relies on
a class of possibly non-causal, linear-time-invariant multipliers that preserves the
positivity of N € 4. Furthermore, it is required that any multiplier M in this class
be factorizable as M = M_M_, where M_ and M have the following properties:

1. M_, M are invertible; and
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2. M4, M;l, M*, Mfl are causal and have finite gain.

These properties ensure that for any such multiplier, stability of the system shown
in Fig. 4.4i is equivalent to that of the system shown in Fig. 4.4ii. Stability of the
system then follows if M H is strongly positive and N has finite gain (see [27,
Theorem 2]).

Theorem 1 [27, Zames-Falb Stability Theorem]
Suppose there is a mapping M (the multiplier) of £ into £ such that:

1. there are maps My and M_ of £ into &5 with the following properties:

a. M=M_My;
b. M_ and My are invertible;
c. My, M;l, M* and M*~" are causal and have finite gains;

2. MH and M*N are positive;
3. either M H is strongly positive and H has a finite gain or M*N is strongly
positive and N has a finite gain.

Then ey, er € 2. O

Thus, the key step in multiplier theoretic stability analysis of &' is the characteri-
zation of multipliers that preserve the positivity of the nonlinearity N of interest.

Definition 7 .#,,, denotes the class of MIMO transfer functions (convolution op-
erators) M : x — m % x where m(jw) = my —Z(jw) Yw and my — ||z||1 > 0. The
subclass obtained under the restriction z(#) > 0 V¢ is designated .# . The elements
of A and 4,4, are called the Zames-Falb multipliers. O

A multiplier M is said to be positivity preserving for a nonlinearity N if the
positivity of N implies the positivity of M N. The following positivity preservation
result is well known.

Theorem 2 ([21, Theorem 2])
Suppose N € ¥, N € €' (or N € Nyqq, N € €"). Then, M*N is positive for all
M € M (or, respectively, M € Myqq) if and only zfskew(aN@)) =0vV¢ceR". O

We shall first establish how these background results can be built upon to determine
the .2 stability of the EL repressilator .. Thereafter, we will show how the stability
analysis serves as a basis to synthesize the tunable oscillations in .. Let us con51der
the system . obtained from .7 by replacing ¢ () with ¢( -), where q)(x) =o— 1 +x”
and by settingr; = [dp o9 —¢ —a¢ — o]”. Let @ denote the MIMO nonlinearity
obtained by replacing ¢ (-) with ¢(-) in @.

Lemma 1l Let Ay, By € RO, Let Ay = —I, where [ is an identity matrix and let
B = diag(a). Then, the nonlinearity ® is a sector [A1, B1] nonlinearity. |

Proof Observe that ¢ is a positive valued monotone nonlinearity with gain a—the
gain is « for infinitesimally small inputs and zero for arbitrarily large inputs. The
proof follows immediately. O
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The nonlinearity ® is not a positive operator. However, an equivalent feedback
interconnection . in which the feedback nonlinearity, say, disa positive operator
can be obtained from . by applying a suitable loop-shift transformation (see [25,
Chap. 5.6]).

Lemma 2 Consider ®. The loop-shift transformation given by

@ = (1+(@—ADBI — A =) H)1(@ - Ay,
S=(1+XAD)'Z+ B —A —-sD)7",

where § > 0 is arbitrarily small, transforms @ intoa N nonlinearity. (]

Proof The loop-shifted system is shown in Fig. 4.5. The proof trivially follows
by using block diagram reduction on the lines of the arguments presented in [25,
pp. 224-225]. O

A sufficient condition for the % stability of the EL repressilator .’ can now be
stated as follows.

Theorem 3 [Stability of the EL repressilator]

Consider the EL repressilator .. Let A, By € RO*0 Let Ay = —1, where I is an
identity matrix and let By = diag(a). Let s = A+ZA) ' T+ B —A—8D~ L.
Then, .7 is £, stable if S is stable and if there exists an M € A such that
MZ > 0. 0

Proof Since . and 7 are equivalent, the %5 stability of .7 is verified if the .2
stability of .# is verified. From Lemmal and Lemma 2, it follows that the feedback
nonlinearity of the transformed system .# is a 4" nonlinearity. The proof then follows
using Theorem 1. O

It follows that this approach scales well to cover the case of N.¥ subsystems
connected in a cyclic negative feedback configuration shown in Fig. 4.6. Let us refer
to this system as .. It may be verified that Theorem 3 generalizes to such an N
node network as follows.

Theorem 4 Consider /5. Let Ay, B| € RINX2N Tt Ay = —1, where I is an
identity matrix and let By = diag(«). Let I= A+TZA) 'Z+B1—A -8~ L.
Then, .7 is %, stable if Y is stable and if there exists an M € A such that
MZE > 0. 0

We now address the problem of synthesizing tunable oscillations in the El
reprissalator .. We shall demonstrate how a tracking controller may be used to
build robust tunable oscillations in .¥.
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Fig. 4.5 The feedback system .. This system is obtained by loop-shifting 7. The exogenous
signals and the internal signals get transformed likewise. As a result of the loop-shift, the feedback
nonlinearity @ is now a positive monotone nonlinearity the positivity of which is preserved by the
Zames-Falb multipliers

input m; Pi output
(i)

Fig. 4.6 i The network .y has N nodes that are connected in a cyclic inhibitary, i.e., negative,
feedback loop. ii Each node comprises repressor a gene, its promoter, and synthesized protein Its
input stage is an mRNA m; and its output stage is the corresponding protein p;. In (i), the blunt
arrows represent the inhibition interactions

4.4 Background Results for DI Controllers

Several results on synchronization of coupled oscillators have already been estab-
lished (see, e.g., [2, 3, 9, 10], and references therein). The tracking controller pro-
posed by us is based on the dynamic inversion (DI) theory presented in [11]. We shall
demonstrate that it is equivalent to a proportional + integral (PI) controller with an
initial condition dependent bias term. This controller ensures that the tracking error is
of the same order of magnitude as the inverse of the proportional gain. It follows that
a system equipped with a DI-based controller, or a PI controller in general, would
respond with a periodic behaviour when an oscillatory reference signal is supplied
to it.
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We shall first establish a specialized version of [11, Theorem 2] for a first order
system. This result is not original—this version has been described in detail in [19]
and, in brief, in [20]. It is presented here for the sake of completeness and as a
necessity to adequately describe the DI controller for the EL repressilator. Consider
a system described by

X(t) = fx(0), 2(0),u@), z2(t) = ¢(x@), 2(1), u(®)), (4.3)

where x(0) = xo and z(0) = zo for (x,z,u) € Dy x D, x D, and where
D,, D,, D, C R are domains containing the origin. The functions f, {: D, x
D, x D, — R are continuously differentiable with respect to their arguments,
and furthermore, assume that df/du is bounded away from zero in the compact set
82y ..u C Dy x D; x D, of possible initial conditions, i.e., there exists by > 0 such
that |0f/du| > bg.

Let e(t) = x(t) — r(t) be the tracking error signal. Then, the open loop error
dynamics are given by

e(t) = f(e(®) +r(0), z(t), u®)) — (), e0) = e,
2(t) = ¢(e(r) +r (1), z(1), u(?)), z(0) = zo. 4.4

‘We construct an approximate dynamic inversion controller:

eu(t) = —sign (%) f(t,x,z,u), 4.5)
ou

where
f(t,x,z,u) = fle(t) +r(), z(t), u(t)) — r(t) — apne(t), (4.6)

where a,, > 0 gives the desired rate of convergence.
Let u(z) = h(t, e, z) be an isolated root of f(¢, e, z, u) = 0. The reduced system
for the dynamics in (4.4) is given by

ét) = —apme(t), e(0) =eo
z2(t) = ¢(e(®) +r (1), z(2), h(z, e(t), z(1)), z(0) = zp.

The boundary layer system is

d 9
W e (Yt ez e e 2)). 4.7)
dt ot

‘We assume that three conditions hold for all [z, e, z, u — h(t, e, z), €] € [0, 00) X
D, . x D, x [0, €] for some domains D, ., D, C R which contain the origin:

1. The functions f, ¢ are such that their partial derivatives with respect to (e, z, u),
and the partial derivative of f with respect to ¢ are continuous and bounded
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0
on any compact subset of D, . x D,. Further, h(¢, e, z) and a—f(t, e, 7) have
u

. . . 0 d
bounded first derivatives with respect to their arguments, and —f and —f are

e Z
Lipschitz in e and z uniformly in 7.

2. The origin is an exponentially stable equilibrium of z(¢) = ¢(x, z, h(¢, 0, 2)).

3. The term , is bounded away from zero.

Theorem 5 ([11, Theorem 2])

Consider the boundary layer system (4.7). Suppose the above three assumptions
hold. Then the origin in as exponentially stable equilibrium. Furthermore, let §2,
be a compact subset of R,, where R, C D, denotes the region of attraction of the
autonomous system.

ﬂ = —sign (%) £(0, e, zo, v + h(0, eg, z0))-

dt ou

Then for each compact subset §2, , C D; . there exists a positive constant €, and
T > O such that for all t > 0, (eo,z0) € $2¢.; , uo — h(0, ep,z0) € £2,, and
0 < € < €, the system (4.3), (4.5) has a unique solution x.(t) on [0, 00) and
xe(t) = r(t) + O(e) holds uniformly fort € [T, 00). O

Remark 3 A DI based controller does not take advantage of any features of the
system dynamics which may induce oscillatory behaviour. Therefore, a DI-based
controller should be employed when the system structure does not naturally permit,
or if it inhibits, an oscillatory behaviour O

Remark 4 A DI-based controller may require high gains if small error margins are
required. On such occasions, a filtered controller may have to be used. A filtered
controller may potentially worsen the error margins, but can be designed to ensure
stability as well as robustness. A promising approach, based on a disturbance ob-
server, can be found in [12]. O

Remark 5 If each subsystem in X can be made to oscillate, the phase difference
between the oscillations need not be enforced directly. Instead, the interconnection
gains can be chosen to ensure a desired phase difference [24]. ]

4.5 DI Controller for Tunable Oscillations X

4.5.1 Problem Formulation

Consider the system of Eq. (4.1) defining the EL repressilator:

dm; n o n
— = -m; + —— + o,
dt e T
dpi

2 = Bpi—m), ()= {(1,3), 2, 1), 3. 2)}.
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We refer to each set of the 3 sets of equations (i € {1, 2,3}) as a component
of the E-L oscillator. The control inputs «; can be used to ensure that m; follows
the desired reference trajectory. In particular, the frequency of the oscillations in m;
can be controlled and the phase difference between m; and m ; can be controlled as
well. This is a brute force approach to controlling the phase difference between the
oscillators; in contrast, a method to choose the interconnection network between the
components to achieve the desired phase difference is described in [24]. It may be
noted that since the three components are structurally identical, it is, in principle,
possible to send the same control signal (i.e., ap; = g Vi) to all components in order
to ensure that the trajectories of m, m>, and m3 converge. For example, suppose
a is chosen to ensure that m tracks the desired reference trajectory. In this case,
rigorous linear analysis readily shows that m, and m3 converge to mi; MATLAB
simulation results confirming this convergence are shown in Figs. 4.7 and 4.8, and
we now describe the synthesis of such a controller.

4.5.2 Equivalence of DI and PID Control

We propse a DI based controller to induce oscillations in each oscillator. We develop
a controller for each oscillator, and the same control signal is passed to the other
components of the system. The control law is developed hereafter using the symbols
x, z and u for brevity of notation. Consider an linear time-varying (LTV) system of
the form

x(1) = —a(®)x(t) + o (1) + g(Du(t), (4.8)

where z represents external dynamics which are bounded input bounded output
(BIBO) stable with respect to x. Noise and external disturbances are captured in
the term o (¢) which is assumed to be bounded with a bounded derivative. The con-
trol objective is to design u(¢) to ensure that x (¢) oscillates when both a(¢) and g(z)
are unknown. We assume that g(z) > 0 Vz, i.e., the control effectiveness is positive,
and that g(z) is smoothly differentiable for z > 0 with a bounded derivative.

Let r(¢) denote the reference signal which needs to be tracked by a given compo-
nent of the EL repressilator, where r(¢) can be chosen as a sine wave with an appro-
priate phase for each component. Then, we write the error dynamics fore = x —r:

é=—ape+o0+gQu—apr —r + (am — a)x, 4.9)

where a,, > 0ensures a desired convergence rate; in this equation, we have not stated
the dependence on ¢ explicitly. If we could ensure that g(z)u(t) + o (¢) — a,, 7 (t) —
7(t) + (am —a(t))x(t) = 0, then x(¢) would be oscillatory. A DI-based control law
given by

u(t) = —k(g@u(t) — anr(t) — (1) + (am — a(t))x (1)) (4.10)

ensures tracking with an error bounded above by &'(1/k). However, note that
a(t), o(t) and g(z) are all unknown. The standard practice would be to design
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Fig. 4.7 Evolution of the states m, my, m3 of the three oscillators for « = g = 100 (Region 2).
a Evolution of m3 and r with time. The output m3 tracks the reference input with a non-zero time
lag and oscillates with the desired amplitude and frequency. b Evolution of m, m>, m3 with time.
All three outputs exhibit oscillations. Since we have only one reference input, the oscillations in
these three outputs cannot be guaranteed to differ on amplitudes and frequencies. ¢ Evolution of
the control signal o (¢) with time
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Fig. 4.8 Evolution of the states mj, my, m3 of the three repressilator when the parameters are
chosen from the other three regions. a The parameters are chosen from Region 1. b The parameters
are chosen from Region 3. ¢ The parameters are chosen from Region 4. The simulation result
indicate that the dynamic inversion controller is able to synthesize similar oscillations regardless of
the choice of parameters

an adaptive law to estimate them [12]. Instead, using Eq. (4.9), we can rewrite the

control law as
wu(t) = —k(e@) + ape(t)). 4.11)

This control law still requires that we measure e(¢). This can be done in practice by
passing the signal e(¢) through a lead compensator. However, as an alternative, by
integrating both sides, we obtain a standard PI controller augmented by a constant
which depends on the inital conditions:

t

u(t) = —kpe(t) — ki/e(r)dt + u(0) + kpe(0), (4.12)
0
where k, = k, i.e., the error bound is on the same order as the inverse of the

proportional gain.
Consider the Eq. (4.12). We can set u(0) = 0. Therefore, the controller only
needs to memorize fot e(t)dt and e(0). Furthermore, the expression for u(¢) sug-
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Fig. 4.9 Evolution of the states of the three oscillators with time for « = 200, § = 3. Here, the
commanded phase lag between the reference signal and m; is, respectively, 0°, 120 °, 240 °, where
i € {1,2,3}. The plots show that the tracking controller performs well and ensures zero steady state
error

gests that ¢(0) need not be recorded if é(¢) is available. In practice, ¢(¢) can be
measured by passing the signal () through a lead compensator which, in turn, only
requires a knowledge of e(r) and fot e(t)dt. Finally, the integral action needs to be
accompanied by filtering in practice to ensure that noise does not manifest itself in
the integrated value. This establishes the equivalence of this DI controller and the
standard proportional integral derivative (PID) controller. Finally, the control law
designed here does not, in any way, drive the z-dynamics. Instead, the fact that they
are .%-stable ensures that z does not diverge. As a result, g(z) does not diverge, it
being globally Lipschitz in z.

4.6 Simulation Results

The simulation results for the EL repressilator . when this control law is imple-
mented are shown in Fig. 4.7 for the case of « = f = 100—in this region, .% is
known to be unstable (see Fig. 4.2). The control signal « is chosen to ensure that
m3 tracks the desired sinusoidal profile. The three simulation plots illustrate tunable
oscillations that are generated when the parameters are chosen from the Region 2
of Fig. 4.7. The oscillations can be generated if the parameters are chosen from
other regions as well (see Fig. 4.8). This illustrates the utility of our DI controller in
synthesizing tunable oscillations in the EL repressilator.

If «g; are chosen independently of each other, it is possible to control the phase
difference between the three components by sending reference signals which are
offset from each other by the desired phase difference. We implemented this feedback
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Fig. 4.10 Evolution of the states of the three oscillators with time for « = 200, 8 = 3. Here, the
commanded phase lag between the reference signal and m; is, respectively, 0°, 90°, 180 °, where
i € {1, 2, 3}. The plots show that the tracking controller performs well and ensures zero steady state
error

system in MATLAB. The simulation plots are presented in Figs. 4.9 and 4.10, and
demonstrate that the tracking controller performs well and ensures zero stead-state
error even when the desired phase differences between m; are chosen arbitrarily.

4.7 Conclusion

We have presented a theory and associated algorithms to synthesize controllers that
may be used to build robust tunable oscillations in the repressilator, referred to as the
EL repressilator in this manuscript, synthesized in [6]. The EL repssilator is a 3-node
network. We have shown how the Zames-Falb multipliers can be used to determine
the % stability of such a network. We have generalized this stability result to cover
the case of N-node networks exhibiting a similar cyclic inhibitary feedback. Then,
we show that the desired oscillations in a set of mRNA’s and proteins can be obtained
by using an oscillatory input as a reference and by synthesizing a dynamic inversion
based tracking controller. This approach ensures that the repressilator can exhibit
oscillations irrespective of (1) the maximum number of proteins per cell and (2) the
ratio of the protein lifetimes to the mRNA lifetimes. The frequency and the amplitude
of at least one output (either mRNA or protein) can now be controlled arbitrarily. The
price paid for this flexibility is that we need a mechanism to set the desired reference
input in the given system.
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Chapter 5
Towards the Modular Decomposition
of the Metabolic Network

Anne Goelzer and Vincent Fromion

Abstract Modular systems emerged in biology through natural selection and
evolution, even at the scale of the cell with the cellular processes performing
elementary and specialized tasks. However, the existence of modules is question-
able when the regulatory networks of the cell are superimposed, in particular for the
metabolic network. In this chapter, a theoretical framework that allows the breakdown
of the steady-state metabolic network of bacteria into elementary modules is intro-
duced. The modular decomposition confers good systemic and control properties,
such as the decoupling of the steady-state regime with respect to the co-metabolites
or co-factors, to the entire system. The biological configurations and their impact
on the module properties are discussed in detail. In particular, the presence of irre-
versible enzymes was found to be critical in the module definition. Moreover, the
proposed framework can be used to qualitatively predict the dynamics of the module
components and to analyse biological datasets.

Keywords Modular - Metabolic network - Steady-state - Metabolite - RNA - DNA -
Enzyme - Bacillus subtilis -+ Genetic -+ Regulatory network - Pathway - Genetic
control + End product control structure (EPCS)

5.1 Introduction

Modularity emerged at all scale in living organisms, from organs in mammals to
cellular processes in bacteria such as DNA replication. These sub-systems, empir-
ically identified through their functions, perform elementary specialized tasks, that
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are coordinated to achieve the growth and the survival of the organism. Despite
the existence of these specialized sub-systems, the existence of modules is ques-
tionable when the regulatory networks of the cell are superimposed, and in partic-
ular for the metabolic network. The metabolic network is a central cellular process
whose main function is to produce energy and the main building blocks for bio-
mass synthesis like amino acids or nucleotides. It is composed of a large set of
highly connected chemical reactions (more than 2,000 reactions for the bacterium
Escherichia coli [11]) catalysed by enzymes. The questions that we adressed in
this chapter is: can we identify modules and, more generally any structure in the
metabolic network when the metabolic regulatory network is considered? Can we
establish intrinsic and structural properties associated to this organisation? These
questions are ambitious and require, as a preliminary step, to have the regulatory
network of the metabolic pathways of an organism, enough complete and exhaustive
to tackle these questions. To this purpose, we focused on the metabolic network of
the “simplest” organism, the bacterium. However, since the metabolic pathways are
highly conserved in higher organisms, the results obtained in this chapter are also
interesting.

In previous works [17], we inferred the genetic and metabolic regulatory net-
work for the model bacterium Bacillus subtilis using information in the literature
and databases. From the analysis of this network, we pointed out, in agreement with
the results of [21], the key role of metabolites in the genetic control of metabolic
networks. Moreover, we identified (a) two main control structures of metabolic path-
ways and (b) the standard biological configurations that are found in the metabolic
network. Most existing studies focus on the behaviour of metabolic pathways (or
signalling pathways) and consider a specific metabolic configuration [3, 28, 34, 36].
Because of the strong non-linearity of the dynamical model that is used to describe
the system, these authors mainly focused on identifying the stability conditions for
a simplified model. Moreover, their results are rarely discussed from a biological
point of view. Some work has dealt with more realistic metabolic configurations [1,
2], but these models do not integrate genetic regulation.

In contrast to these studies, our approach analyses the existence and uniqueness
of a structural steady-state regime for any metabolic pathway, regardless of its con-
figuration and its genetic and enzymatic regulatory mechanisms. We identified two
types of well-defined elementary modules that have specific mathematical properties.
This module definition can then be used to study the decomposition of a complete
metabolic network into modules.

This chapter is organised as follows. Section 5.2 briefly introduces the main
results of our work [17] and details the identification of two control structures in
the metabolic network, which are considered elementary modules. Sections 5.3 and
5.4 discuss the existence and uniqueness of a steady state in the two elementary
modules and in a large diversity of biological configurations. Section 5.5 examines
the connection and the coordination between modules. Section 5.6 focuses on the
decomposition of the metabolic network of B. subtilis into modules.
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5.2 Two Main Control Structures in Metabolic Pathways

The analysis of the B. subtilis metabolic network (see Fig. 5.1 (top) and [17]) led to
the identification of two distinct control structures in metabolic pathways. In the first
control structure, which we named end-product control structure (EPCS), the last
metabolite of the metabolic pathway is the key factor because it inhibits the activity
of the first enzyme and its synthesis through a genetic regulator. The second structure,
which is called initial-product control structure (IPCS), involves the first metabolite
of the pathway. Increasing concentrations of the first metabolite induces the synthe-
sis of the enzymes in the pathway through a genetic regulator. Based on previous
results [17], we defined two levels of control in metabolic pathways: local regulation
and global regulation [see Fig. 5.1 (bottom)]. The local regulation of a metabolic
pathway corresponds to any type of genetic regulation (transcriptional, translational,
and post-translational) that involves the concentration of an intermediate metabolite
in the controlled pathway. The global regulation of a metabolic pathway is defined
as all non-local regulations. For practical purposes, the local regulation ensures the
induction or repression of enzymes of the pathway according to the concentration
of an intermediate metabolite of the pathway. The global regulation, however, can
change or bypass the local regulation.

The choice of these structures as elementary sub-systems, even if it seems simple at
first, is based on their intrinsic mathematical properties, which will be presented in the
next sections. From an input/output perspective, these control structures correspond
to sub-systems, or modules. In addition, these allow the breakdown of the metabolic
network into sub-systems, which usually correspond to the empirical organisations
of the metabolic network that are defined by biologists.

5.3 The End-Product Control Structure

In this section, the theoretical properties that are related to the end-product con-
trol structure are analysed. In addition, the consequences of these properties will be
assessed from a biological point of view. Compared to previous studies, this work
systematically studies the impact of different biological configurations of metabolic
pathways, which are deduced from the work by [17]. These configurations include
changes in the reversibility/irreversibility of metabolic pathways, the presence of
cofactors, and isoenzymes and the organisation of the genes in an operon.

The EPCS system is shown in Fig. 5.2. As shown, the system is a linear metabolic
pathway that is composed of n metabolites (X1,..., X,) and n — 1 enzymes
(Ey, ..., E,_1) and is controlled by the concentration of the end-product, which
represses the synthesis of the first enzyme [E; (genetic level) and inhibits the activity
of [E; (metabolic level).
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to the regulation by metabolites on the enzyme activity and on the TF activity. Botfom two control
levels of a metabolic pathway
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Model of metabolic level: Following the standard representation of enzymatic reac-
tion of [38], the dynamics of the metabolite concentrations can be described by the

following set of ordinary differential equations:

x1(8) = vo(t) — E1(0) fi(x1 (1), x2(1), x5 (1))

x2(t) = E1(t) fi(x1 (1), x2(t), x,(1)) — E2(t) fo(x2(t), x3(2))

x:l(t) =E; 1) fu—1Gn—1(1), x5 (1)) — vu (1)

(5.1)

where v, (1) £ E,(t) fu(x,(¢)) and the characteristics of the enzyme activity f; are

such that:

(a) Reversible enzymes:

e for intermediate enzymes, E; for i € {2,...,n — 1}: f; is continuous,

increasing in x; and decreasing in x;11 such that f;(0,0) = 0, fi(x;,0) >
0 for all x; > 0, and f;(0, xj+1) < O forall x;1; > 0. Moreover, there exist
M; > 0, M] > 0! such that f;(x;, xiy1) € (=M, M;) for all x; > 0 and
Xi+1 = 0. We assume that for x; > 0, there always exists x;+; > 0 such that
filxi, xip1) = 0.

for the first enzyme, E;: f1(0, 0, x,,) = O for all x, > 0, fi1(x1,0,x,) > 0
for all x; > 0 and x, > 0, and f1(0, x2, x,) < O for all x; > 0 and x, > 0.
Moreover, there exist My > 0, M| > Osuchthat fi(xy, x2, x,) € (=M}, My),
for all x; > 0, x, > 0 and x,, > 0. Moreover, we also assume that for all
x1 > 0 and x, > 0, there exists x > 0 such that fi(x, x2,x,) = 0.
In addition, fi(x1, x2, x,) is continuous and increasing (resp. decreasing)
in x1 (resp. xp). Moreover, if fi(x1,x2,0) < O for all x; > 0 and x» >
0, then f; is increasing in x,; similarly, if fj(xy,x2,0) > O for all x; >
0 and x» > 0, then f; is decreasing in x,. Moreover, for all x; > 0 and
x2 >0, N E)kaoofl(xl,xz, x,) = 0.

for the last enzyme, E,: E, represents the set of chemical reactions that
consume x, and summarises the link between the flux that is produced by
the metabolic pathway and the final concentration. The characteristics of f;,
mainly depend on other modules. In addition, f;, is continuous and increasing
in x, such that f,(0) = 0.

I All constants introduced in this chapter are assumed to be finite.
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(b) Irreversible enzymes:

e for the intermediate enzymes, E; fori € {2,...,n — 1}: f; is continuous and
increasing in x; such that f; (0) = 0. Moreover, there exists M; > 0 such that
fi(xi) € (0, M;) for all x; > 0 and limy, s 400 fi (x;) = M;.

o for the first enzyme, E;: f1(0, x,) = O for all x, > 0. There exists M| > 0
such that fi(x1, x,) € (0, M) for all x; > 0 and x, > 0. Moreover, fi
is continuous, increasing in x; and decreasing in x, such that for all x; >
0, . Efflmfl (x1,xn) = 0.

Model of the control at the genetic level: Enzyme synthesis occurs in two steps:
the gene is first transcribed by the RNA polymerase to produce the RNA messenger
(mRNA), which is then translated by the ribosomes to produce the protein. By noting
m, Yy and Ry as the concentrations of mRNAs, free RNA polymerases and free
ribosomes, respectively, a simplified dynamic model of the synthesis of an enzyme
[E can be written:

[n‘z(r) =k YL (t — T) — kam (1) 52)

E(t) = kem(t)RL(t — T.) — RE(t)

where

(@) km, kg and k, are the affinity of the promoter for the RNA polymerase, the
degradation of mRNA and the affinity of the ribosome for the mRNA, respec-
tively;

(b) w is the growth rate of the bacterium in exponential growth (i can then be
calculated such that N(t) = wN(r), where N(z) is the concentration of the
bacterial population);

(¢) T, is the transcriptional delay, which corresponds to the time required for
mRNA availability for ribosomes; and

(d) t. is the translational delay, which corresponds to the time required for trans-
lation of the mRNA.

Moreover, if the synthesis of the mRINA or the enzyme is inhibited by a factor, such
as a metabolite, the previous equations also depend on the factor. For example, if the
synthesis of the mRNA is inhibited by the metabolite X, which has a concentration
of x, then the first equation is now

m(t) = km f1(x(O)YL(E — Tp) — kam(1)

where f7(x(¢)) is continuous, positive and decreasing in x.
If the concentration of the metabolite x has a constant steady state regime x, then

e

kekm I
JIX)YLRL.
kg

_ kw5 =
m=—fi(x)Y., E =
kq
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The steady state does not depend on the delays t,, and 7. Since we are only interested
by the study of the steady state, then for the sake of readability and by abuse of
notations, the differential system of enzyme synthesis will be rewritten as

E(t) = g(x(t) — pE(t) or E(t) =h(t) — pE(r) (5.3)

where the delays have been removed. The left equation is used if the enzyme synthesis
is regulated by a metabolite with concentration x. The right equation corresponds to
unregulated enzymes. The functions g and 4 are continuous, positive, monotonous
with respect to their arguments and, because maximal values structurally exist for
Y, and Ry, bounded.

Remark 1 The half life of mRNA (log(2)k;1) is approximately 2-3 min [10] and
the growth rate w, which depends on the medium composition, corresponds to a
generation time (log(2) ;fl ) thatis between 30 min and several hours [29]. Therefore,
the mRNA equation is usually assumed to be at steady state with respect to the enzyme
equation. Moreover, the value of the translational delay 7, is less than 1 min [5] and
is therefore often neglected compared to .

For the metabolic pathway shown in Fig. 5.2, where E; is inhibited by x,, we
have

Ei(t) = g(ea(t)) — nE1 (1)

_ 5.4)
Ei(t)=hi(t)— nE;(t) for i €{2,...,n}

where

(a) The function g is continuous, positive and decreasing in x,. Moreover, we
assume that g(0) = Ppax, where Ppax > 0 and lim g(x) = 0.
X— 400

(b) The functions &; are assumed to be constant.
Remark 2 In the rest of the chapter, we will assume that a steady-state regime of the
unregulated enzymes always exists and is determined by the steady-state regimes

of other cellular components. The associated differential equations will therefore be
removed from the system for the sake of readability.

The final description of the metabolic pathway shown in Fig. 5.2 is the following:

[ X1(0) = wo() — Ex(0) f1(x1(0), x2(), (1))
22(0) = E1(0) fi(x1 (1), x2(8), 2 (1) — Ea(0) fo(x2(8), x3(1))
S : : (5.5)
0 (1) = En_1(6) f1 Gon1 (0, 30 (1)) = En(£) fu 0 (1))

| Ev() = g(6a(0) — LE1 (1)
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If the genes coding for enzymes ([, ..., E,_1) are organised in an operon, then
there exists «; > 0 such that
Ei(t) = a; E1 (1) (5.6)

fori e {2,...,n—1}.

5.3.1 Characteristics of the Steady-State Regime

In this section, we introduce the main theoretical properties of the elementary mod-
ules on the end-product control structure. To this purpose, we consider the main
biological configurations identified from our model [17] and describe the associated
steady-state regime. These elementary configurations are realistic enough to describe
by combination the entire set of configurations of metabolic pathways of Bacillus
subtilis.

5.3.1.1 The Enzymes are Irreversible and the Genes are in the Same Operon

All enzymes are irreversible and the genes coding for (Eq, ..., [E,_1) belong to the
same operon, which means that these are transcribed in the same mRNA. Thus, the
concentrations of the enzymes are assumed to be proportional [see Eq. (5.6)].

The system (5.5) can be written as:

x1 =19 — E1 fi(x1, xp)

x2 = E1(fi(x1, xp) — a2 f2(x2))

D= : : (5.7)
Xn = 1 E1 fu1 (tne1) — Ep fn(x)

Ei= g(xn) — LE;

and the steady-state regime is characterised by this result.
Proposition 1 Forall u > 0, E,, > 0and x| > O there exists a unique steady-state

regime (Eq, ..., E,—1) and (X2, ..., X,) for the system (5.7) given by

El — g(xp)

m
S1(X1, X0)g(n) = WEy, fru(3n)
vo = Ep fu(xn)

(5.8)

andfori € {2,...,n — 1},
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Ei = g()zn) and ii = fi_l (M) (59)
m ;g (xn)

ifand only if fori € {2,...,n — 1}

M, > WEnSn G (5.10)

g(xp)

The proof of this proposition is a particular case of the proof of Proposition 3, which
is shown in page 10. Proposition 1 indicates that the system (5.7) has a unique steady-
state regime if and only if all of the enzymes that belong to the metabolic pathway do
not saturate (the condition (5.10) holds true). Moreover, x,, and thus implicitly f; and
g have key roles in the definition of the steady state. The monotonicity of f; and g
with respect to x, allows to deduce the unicity of x,,. Surprisingly, the characteristics
denoted by f; and the concentrations of the intermediate enzymes have no impact
on the definition of the steady state E1, %, and the output flux E, f,(x,) if none of
the intermediate enzymes saturate. Consequently, the sensitivity of the steady-state
regime to a constant perturbation in the concentration of enzyme E, (or to a flux
demand v, ) only depends on the genetic characteristics g and the characteristics fi
of the first enzyme. The prediction of the steady-state behaviour of the metabolic
pathway can therefore be dramatically simplified, even if it is composed of a large
number of intermediate reactions.

Remark 3 The condition (5.10) can be written as

WEy fn(Xn)

= <aiM; < fi(x1, %) < a;M;.
g(xn)

Therefore, if M| < o; M; foralli € {2, ..., n— 1}, then condition (5.10) is satisfied.

5.3.1.2 Behaviour of the Components of the Metabolic Pathway

The variation of the flux demand with respect to the variation of the concentration
of E,, will now be discussed. Based on the definition of the steady-state regime,

fl ()Els )En)g()zn) é
wfn(Xn)

n-

Therefore, x, is decreasing when E, is increasing. In addition, the final flux demand

Vn e E, fn(x,) is by definition equal to f1(x1, X,)g(X,) = v,. Because the left side
of equation is a decreasing function of X, then, when E,, is increasing, v, is also
increasing (as long as none of the enzymes saturate). Consequently, the metabolic
pathway has a maximal flux capability, which is given by the following corollary.
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Corollary 1 Let the assumptions of Proposition 1 be satisfied. Then the flux demand
has the following upper bound at steady state

0
8D 1 &0, (5.11)
%

The outer flux is then bounded and the superior value only depends on the charac-
teristics f1 and g of the first enzyme; this is only true if none of the intermediate
enzymes saturate.

The impact of variations in (a) the flux demand and (b) the concentration x| on the
intermediate metabolite concentrations will now be discussed.

Corollary 2 Let the assumptions of Proposition 1 be satisfied. Then, (a) for all
ie{2,....,n—1}, xj = x;(E,) isincreasing in E, and x, = X, (E,) is decreas-
ing in E, and, (b) foralli € {2, ...,n}, xj(x1) and v, (X1) are increasing in X1.

The intermediate metabolite concentrations are increasing functions of the flux
demand and of x|, whereas the end-product is a decreasing (resp. increasing) function
of the flux demand (resp. x1).

Remark 4 X, can be written as a function of x1: X, 4 H (x1). Therefore, at steady
state, the input and output flux and the concentration of the first metabolite x| are
linked by the monotonously increasing relationship vo = E, f,,(H (x1)). We then
obtain an input/output description that corresponds to a fictitious enzyme, which
links vp to X and integrates all of the module properties through the functions H
and f,.

Remark 5 A metabolic flux corresponds to a material flow through an enzyme such
that v = E fg(x). A metabolic flux is thus an intensive quantity, whereas the metabo-
lite concentration is an extensive quantity. This fact explains why, in most mecha-
nisms of gene regulation, only the concentration of a metabolite is used (and not
the flux). As in Ohm’s law (U = RI), in which the current / is measured through
the measurement of the voltage U for the resistance R, the cell senses the flux v
through the measurement of the concentration x and a specific mechanism, such as
an enzyme or a genetic regulator.

5.3.1.3 Consequences of Enzyme Saturation
Several factors can result in enzyme saturation; these include an inadequate concen-

tration of the enzyme or its limitation by a cofactor. The effect of enzyme saturation
will now be discussed.

Corollary 3 Let the assumptions of Proposition 1 be satisfied and let us define

Vit sar = min  o; M;
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and i*, the value of i for which the minimum is reached (i* can also correspond to
a set of possible values). If i+ sq is such that Vi sqr < f1(x1,0), then there exists
EY and X such that
PLE: Jn (x:
Ve Iﬁi*,sat
g(x;)
and
lim X;* = 4o00.
<

En—Ej}

In addition, for E,, > E, the regime of the metabolic pathway is saturated.

The output flux is fixed through the saturation of the enzyme ;= 54 and by the
characteristics g of 1. Moreover, the concentration of the metabolite x;+, which is the
substrate of enzyme i *, goes theoretically to infinity when E,, goes to E. Obviously,
thermodynamical laws prevent the metabolite concentration to go to infinity. Very
high concentrations of metabolites lead to reverse the direction of the chemical
reaction, i.e. the irreversible enzyme becomes reversible (see Sect. 5.3.1.6).

5.3.1.4 Biological Interpretation

The biosynthesis pathways of amino acids are generally regulated by the end product.
The enzyme E,, and the output flux v, correspond to the tRNA synthase and the flux
of charged-tRNA that is consumed by the ribosomes for the production of proteins at
steady-state, respectively. Thus, an increase in the ribosomal demand usually results
in an increase in the concentration of tRNA synthase (E},) due to a genetic regulation
that induces a decrease in the concentration of the amino acid x,. A decrease in x,,
leads to the readjustment of the entire pathway (enzyme and metabolites) to provide
the requested flux (assuming that the intermediate enzymes do not saturate). In other
words, for fixed x1, the concentration of the amino acid x,, must decrease to increase
the capacity of the synthesis pathway and thus satisfy the flux demand within the
limit defined by the characteristics of the first enzyme (Corollary 1).

5.3.1.5 The Genes are Independent

In the following analysis, the genes belonging to the metabolic pathway are not in
the same operon. We assume that a steady state for the intermediate enzyme exists
and is given by (E;);c(2,....n} > 0.

Proposition 2 Forall u > 0, x; > Oand E; > 0 fori € {2,..., n}, there exists an
unique steady-state regime Ey and (X2, . .., X,) for (5.7) such that
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El _ g(xn)

"
f1(x1, xp)g(xn) = nE, f(xn) (5.12)

vo = Ep fu(Xn)

Ey fn(Xn)

and foralli = {2,...,n — 1}, X; =fl._1( 5
i

E;M;.

) if and only if E,, f(xy) <

Compared to Proposition 1, only the condition of saturation changes. The link
between the flux demand and the concentrations of the first and last metabolite
that are obtained in Proposition 1 is unchanged as long as none of the intermediate
enzymes saturate. All of the previous results of Sect. 5.3.1.1 can be easily extended.

5.3.1.6 All Enzymes are Reversible

We now assume that all of the enzymes in the metabolic pathway (including the
first enzyme) are reversible. This configuration dramatically changes the properties
obtained in Proposition 1. In contrast, the results in Proposition 1 can be partially
recovered through the presence of a single irreversible enzyme.

Proposition 3 [f the genes coding for (E1, ..., E,_1) belong to the same operon
(see Eq. (5.6)) and if the enzymes E; for alli € {1, ...,n — 1} are reversible, then,
forall p > 0, E, > 0 et x1 > 0, there exists a unique steady-state regime for the
system (5.5), (E1, ..., E,_1) and (X2, ..., X,) such that

Xy = Hn(HZ( .. (Hn—l(ina il)a il) cee vil)a il)

)E,' = H,'({‘I,'.H(. . (Hn_l(in,il),)’cl). . .,il),il)fori € {2, e, — l}
E| = g([iin)

E,-:aig(luﬁforie{l...,n—l}

Vo = Enfn()zn)a
(5.13)
where, for all i € {2,...,n — 1}, the functions H; are increasing with respect to
their arguments and the function H, is decreasing (resp. increasing) with respect to
its first (resp. second) argument.

Proof The proof is inductive.

Step 1: Let us first prove that there exists x;‘ > 0 such that, for all x, € [0, xik ], there
exists a unique x, > O such that

g(xp)

J1(X1, X2, Xn) = Ep fu(Xn). (5.14)

The monotonicity of the functions of the left and the right side of the equation with
respect to X, means that, forall x; > 0, thereexists xJ > Osuchthat fi(x;, X2,0) > 0
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Enfo(Hn(%)) 0 80D b (7, %)

85 £, (1,0, %) Eufu(%)
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o(5n) ¢ (= ok = 8Hn (%)) o (i -
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Fig. 5.3 Intersection of curves E, f,, (X,) and f1 (¥, X2, X,) for all X2 € [0, x3] (left) and of curves

H, (& N
E, fo(Hy(X2)) and a2 sz (X2, X3) (right)

for all X, € [0, x3) with f1(x1, x5, 0) = 0. Then, for all X € [0, xJ), the left side
of Eq. (5.14) is a decreasing function of x,, is positive for x,, = 0 and tends to 0
when X, goes to infinity. In addition, the right side of the Eq. (5.14) is an increasing
function of X, and is equal to O when x,, = 0. Thus, for all x, € [0, xik), the two
curves with respect to x,, necessarily have a unique intersection point. In addition,
for X = x3, X, = 0 is the only solution to the Eq. (5.14) (see Fig. 5.3 left), which
concludes the proof of Step 1.

Thus, the function X, 4 H, (x2, x1) is continuous and decreasing in x> and can
be defined for X, € [0, x;] such that H, (0, x;) > 0 and H,(x5, X;) = 0. For the
sake of readability, we omitted the dependence of the equations on X in the rest of
the proof.

Step 2: The rest of the proof is by induction. If the steady-state regime exists, then
X7 and X3 are linked by

H,(x o _
a0, 8D o o ) = Enfu(Ha(E2)), (5.15)

where x,, has been substituted by its expression. As in the first step, we can prove
that there exists? x5 > Osuch that, for all X3 € [0, x3], there exists x, € [0, x3] such

that Eq. (5.15) is true. Thus, the function x; E H>(x3) can be defined, which is well
defined, continuous, increasing in x3 for all x3 € [0, x?], and such that H>(0) > 0
and H>(x3) = x5 (See Fig. 5.3 right).

Step 3: Step 2 is repeated for all i € {3,...,n — 1}. By definition, X; has to be the
solution of the following equation:

2 1n fact, x3 is such that f>(x3, x]) = 0, which guarantees that f>(x3, x3) > 0 for all [0, x¥).
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o 8(Hu(Ha(...(Hi—1(x)))))
m

Ji(Xi, Xig1) = En fa(Hy(Ha(. .. (Hi—1(Xi))))).

(5.16)
Then, as in the previous step, it is easy to prove the existence of the function H;

such that x; e H;(x;41) is well defined, continuous, increasing in x;4; for all
Yi+1 € [0, x| ], and such that H; (0) > 0 and H; (x/ ) = x]".

Step 4: Through the combination of the results of the previous steps, we can deduce
that x,, exists if the following equation has a solution:

Xp = Hy(Ha(. .. (Hy—1(X2)))). (5.17)

By definition, H,_; is defined on [0, x,] such that H,_;(0) > 0 and H,_(x,}) =
x;_;. Let us note that H,(Hy(...(H,-1(0))) >0 and H,(Hz(...(H,—1(x})))
= H, (xz‘) = 0, and because the right side (resp. left side) of Eq. (5.17) is a decreasing
(resp. increasing) function in x,,, we can deduce that there exists aunique x,, € [0, x,1),

solution to Eq. (5.17), which concludes the proof.

Remarkably, when all enzymes are reversible, the steady-state regime of the metabolic
pathway always exists. We will not develop the results of this structure because the
systematic analysis of metabolic pathways indicates the presence of at least one irre-
versible enzyme per module [17, 20]. In most cases, the irreversible step corresponds
to the first or second enzyme. The presence of an irreversible enzyme means that the
results of Proposition 1 hold:

Corollary 4 Let the assumptions of Proposition 3 be satisfied. If enzyme E1 is irre-
versible, Ehen, for_all w >0, E, > 0and x| > 0, there exists a unique steady-state
regime (Eq, ..., Ey—1) and (X3, ..., X,) for the system (5.5) such that

7, _ 86

"
f1(&1, %) g (%) = WE, fr(Xy) (5.18)
Vo = Enfn(in)

g(xn)

if and only if (xa,...,X,—1) exists such that, fori € {2,...,n — 1}, «;
Ji(Xi, Xig1) = En fu(Xn).
As in Proposition 1, the steady-state regime is only defined by f1, g and f, as long as

none of the enzymes saturate. However, the condition of saturation explicitly depends
on the steady-state regime and is then less useful.
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5.3.2 Integration of the Main Biological Configurations

We will now discuss the impact of different biological configurations in more detail.
These configurations involve changes due to the presence of isoenzymes, co-factors
and co-metabolites. The mathematical results are presented in the most general case
of the end-product control structure, in which only the first enzyme is irreversible
and the genes are not organised in a single operon.

5.3.2.1 Impact of Co-Metabolites and Co-Factors

External factors (co-metabolites and co-factors) usually modulate the rate of
enzymatic reactions. Co-metabolites, such as ATP/ADP, NAD/NADH or glutamine/
glutamate, are also substrates of the enzymes and are transformed into products.
Co-factors, such as ions (e.g. Mg2+, Zn%t) or vitamins, are generally bounded to the
enzyme and are therefore considered to be an enzyme component. Both of these types
of factors can be easily included in our analysis through the introduction of a new
argument in the reaction rate f; of the enzyme. Assuming that the i th reaction requires
aco-metabolite, which is labelled as X p with concentration p, then the rate of reaction
for an irreversible enzyme (resp. reversible) is given by f;(x;, p) (resp. reversible:
fi(xi, xi+1, p)) such that f;(x;, 0) = 0 (resp. reversible: f;(x;, xi+1,0) = 0) and
the function f; is assumed to be increasing in p.

1. The co-metabolite/co-factor acts on the first enzyme, [E;. The maximal flux
of the metabolic pathway is given by vV, max(p) e & fi1(x1, 0, p), where the co-
metabolite or the co-factor reaches its steady-state regime p. If the factor decreases
the activity of the first enzyme, then x,, is decreasing and E is increasing.

2. The co-metabolite/co-factor acts on the last enzyme, E,, . By definition, f1(x1,x,)
g(x,) = nE, fn(x,, p). The limitation of the concentration of the co-metabolite/co-
factor leads to a decrease in the flux demand. Therefore, %, and E; are increasing
and decreasing functions of p, respectively.

3. The co-metabolite/co-factor acts on an intermediate enzyme, E,, ..., E,_;.
Remarkably, as long as variations of p do not lead to enzyme saturation, the steady
states of the main components, (v,, X, and E}), remain unchanged.

5.3.2.2 Role of an Isoenzyme

Isoenzymes are enzymes that catalyse the same chemical reaction. Let the isoenzyme
IET, as represented in Fig. 5.4, catalyse the same irreversible reaction as [E; (the
first reaction). IET is not regulated by any intermediate metabolite of the metabolic
pathway (neither at the genetic level or at the enzymatic level), which leads to the
flux EY f}*(x1) for x1, EY > 0.
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Fig. 5.4 Presence of an !
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The steady-state regime satisfies the following equation:
= 8(Gn) % ok g -
J1(x1, Xn) " + ETfi (%1) = Ep fa(Xn). (5.19)

Moreover, the maximal capability of the flux through the metabolic pathway is also
modified:
(0)

Unmax = f1 ()?1,0)7 + ET fi(x1).

From Eq. (5.19), as long as the intermediate enzymes do not saturate, the increase of
the flux v, can be obtained either by a decrease in the end product X,, or an increase
in the concentration of the isoenzyme E7.

5.4 Other Control Structures

The other elementary module [see Fig. 5.1 (top)], which is named initial-product
control structure, usually corresponds to the control structure of degradation path-
ways. Enzyme synthesis is controlled by the concentration of the first metabolite, x;.
Due to lack of space, we will only give the condition of existence of the steady-state
regime and the qualitative behaviour of the module components to deduce the rules
that dictate the connections between modules.

5.4.1 Initial-Product Control Structure

We will consider the linear pathway that is shown in Fig. 5.5, which consists of n
metabolites (X1, ..., X,) and n — 1 irreversible enzymes (Ey, ..., E,_) for which
the encoding genes are organised in a single operon. The enzyme synthesis is induced
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when the concentration of the first metabolite increases. The behaviour of this path-
way obeys the following system of differential equations:

X1 =vo— Eq1fi(x1)

X = Ev(ei—1 fic1(xiz1) — o4 fi (%)) (5.20)

$n(0) = Qa1 B fymt (iamt) — En fo(in)
Ey =gx1) —pkE

where f; has the same characteristics as in Sect. 5.3 and g is a positive, continuous
and increasing function of x| such thatforall x; > 0, g(x;) >0, and g(0)=0.
We also assume that there exists Ppax > 0 such that hIE g(x) = Pmax-

X—> 100

Proposition 4 Forall & > 0, x1 > 0and E,, > 0, there exists a unique steady-state
regime (X2, ...,X,) and (Ey, ..., E,_1) to the system (5.20) such that

El _ g(x1)

K
v = 590 £ i (5.21)

"
fi= 7 (S Gmn) fori=(20m)

ifand only if, foralli € {2,...,n — 1}, My < o; M;.
Moreover, the functions x; = X;(vo) fori =1, ..., n are increasing in vy, the input

. . - . A Pma
Sflux is bounded and the maximal value of X1 > 0 is Vo max = x

1-

Proof The proof of this proposition is straightforward through the writing of the
(x1)

steady-state regime, which, by definition, corresponds to v = & fi1(x1), and

because of the monotonicity of the functions. The existence of the steady-state regime
is achieved if and only if the enzymes of the pathway are not saturated. This means
that the maximum capacity of each enzyme must be greater than vg.

Thus, when X; is increasing, the flux vg and the concentrations of the downstream
metabolites are increasing. The IPCS module has also specific properties that can
be directly obtained by following the line of the analysis of the EPCS module. The
proofs of all of these results are straightforward and are easily deduced from the
previous proofs.

5.4.1.1 Comparison Between the Different Control Structures
The two control structures that have been analysed have common characteristics,

which were obtained under the assumption that none of the intermediate enzymes
saturate:
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e the steady-state regime is determined by the characteristics of the first enzyme and
its genetic control;

e the maximum capacity of the pathway is limited;

e the co-metabolites of the intermediate enzymes have no impact on the input/output
flux or on the genetic control; and

e the presence of an irreversible enzyme prevents the direct spread of the information
that is carried by the concentrations of downstream metabolites to the upstream
metabolites.

However, there are also notable differences. The EPCS module is inherently driven
by the downstream flux demand through X,, whereas the IPCS module is driven
by the upstream flux through x;. Moreover, the characteristics f,, of the enzyme
[E, do not affect the existence of a steady-state regime of the IPCS if the control
structure is monotonic. The function f, can be increasing or decreasing in x,. In
other words, a metabolic pathway that is controlled by this type of control structure
cannot accommodate a final flux demand of v,,.

5.4.2 Not Controlled Structure

We also introduce a third module, which is named NCS (Not Controlled Structure).
This module consists of enzymes that are not genetically or enzymatically controlled
by a metabolite in the pathway. The input/output feature of the NCS module at steady
state is obtained under the assumption that none of the enzymes of the module saturate
and that the first enzyme is irreversible:

E1fi(x1) = En fu(Xn). (5.22)

It follows that the steady-state regime is determined by the concentration of the initial
metabolite x| and by the enzymatic characteristics f] and f,.

5.5 Coordination Between Modules

The mathematical properties that are associated with the two main types of modules
have been characterised in the previous sections. We will now discuss the methods by
which these modules can be coordinated: global regulations [see Fig. 5.1 (bottom)]
and direct connections.

5.5.1 Impact of a Global Regulator

In this section, we investigate the impact of a global regulator on the EPCS module.
The results for the other structure can be easily deduced. Let us consider that the
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synthesis of the first enzyme is also controlled by a global regulator, which leads to

E1(t) = g(an(1). q(0)) — nE1 (1)

where ¢ (¢) is the effect of the global regulator. This parameter can also represent any
factor that could impact the synthesis of enzyme E;.

Assuming that the global regulator reaches its own steady-state regime g, we can
deduce from the above results that the global regulator changes the relationship
between the concentration of the final product x,, the flux demand and the enzyme
concentration:

S1(x1, X)) gGen, @) = WEy fr(xn).

As long as none of the intermediate enzymes saturate, the global regulator changes
the steady-state regime at the level of

e the enzyme concentrations (if the genes are in the same operon):

Ei— g(xXn, q)

8(Xn, q)
1 o ———

and E; = fori e {2,...,n—1},

e the end-product concentration: fi(x1, X,)g(Xn, q) = WE, fn(Xy),

0,q
e the maximal flux capability of the metabolic pathway: v, max(q) 4 80.9)
f1(x1,0),
E _
e the concentrations of the intermediate metabolites: x; = fi_l (M)
;i g(Xn, q)

A global regulator changes the maximum capability of the metabolic pathway
directly through the modulation of the concentration of different enzymes in the
pathway. Moreover, the flux demand v, adapts itself in agreement with the variations
induced by the effect of ¢ on the production function g.

5.5.2 Interconnections Between Modules

In this section, we investigate the conditions of existence and uniqueness of a struc-
tural steady-state regime for different configurations of connected modules. There-
fore, we analysed two modules that are connected in series and in parallel. We will
first introduce a generic result for modules that are connected in series and will
then provide the rules that define the connection between modules in the summary
tables.
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Fig. 5.6 Connection between q g
two modules in series l l
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5.5.2.1 The Input/Output Representation of a Module

q

|

Module

Vo Vi

— End-Product Control Structure (EPCS),
x (EPCS/IPCSINCS) | x, — Initial-Product Control Structure (IPCS),
T T — Not Controlled Structure (NCS).

P r
(onE;) (saturating [E;]iz1)

In steady state, a module is characterised by its input/output characteristics (dis-
played in the above figure and see Remark 4) whose existence is conditioned by the
assumption that the enzymes do not saturate. In the remainder of this section, we
assume that this condition of existence is always satisfied. The input/output notations
of flux and metabolites are in agreement with systems (5.5), (5.20). We recall the
following input/output characteristics, which were obtained for the three types of
modules:

e EPCS module: x, = Hpr(x1) and vy = vy, (the consequences of Corollary 2 are
extended for the case of (a) only the first enzyme is irreversible and (b) the genes
are not in the same operon), where H), is increasing in its argument;

e IPCS module: x, = H);(x1) and vy = v, is defined in Proposition 4, which was
extended for the same conditions as the EPCS module, where H),; is increasing in
its argument;

e NCS module: x,, = H,s(x1) and vg = v,, where H,, is increasing in its argu-
ment.

We can deduce the following consequences for two modules that are connected
in series (see Fig. 5.6):

e the connection of EPCS modules in series leads to a system with a unique steady-
state regime. For the ith EPCS module, all of the upstream EPCS modules are

reduced through the increasing characteristics H,s such that X, = 1 »r (1) and

v} = v by using ¥} ' = % and ¢ = Hgf(i{‘) forke{l,....i —1}
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Fig. 5.7 Two modules connected in parallel

e the connection of IPCS modules in series leads to a system that has a unique
steady-state regime. For the ith IPCS module, all of the upstream IPCS modules
are reduced through the increasing characteristics H; such that x;, = H); ()?11)

and vj = v} by using ¥|"! = £k and ¥f = HY, (¥}) fork € {1,...,i — 1}.

5.5.2.2 The Rules That Define the Connection of Modules

The rules for the interconnection of modules can easily be deduced from the proofs
of Propositions 3, 4, 5, which are, respectively, shown in pages 12, 17 and 25, for the
connection of modules in series (see Fig. 5.6) or in parallel (see Fig. 5.7) under the
assumption that none of the enzymes are saturated. Tables 5.1 and 5.2 summarise
the rules of interconnection between modules in series and in parallel, respectively.
Specifically, for each of the different connections, these tables show if there exists a
structural nonzero steady-state regime and how changes in vy, v, and v, results in
variations in x,, x;1, E1, ET, x1, and x{. In both tables, for the sake of readability,
we use the following notations: f, for increasing functions and f; for decreasing
functions to describe the monotonicity.

The existence of the equilibrium state is always inferred through the monotonicity
of the functions and by assuming a final demand for all last connected modules (v, =
E,, fn(x)). In some cases, such as in a connection of NCS/IPCS/EPCS modules in
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Table 5.1 Rules for the interconnection of several modules in series and characteristics of the
steady-state regime for variations of vy, (v¥) and vy (or vp)

Existence of nonzero steady-state regime
Feasible adaptation for variations in v,, vy

Xn = fa(Vu)s Er = fe(Va), x5 = fa(Va), Ef = fe(Va),
X = fa(Va)s Ev = fe(Vy). x, = fa (Vi) Ef = fe(Vy).
X0 = fe(Vi), Er = fa(vi), % = fe(V1), Ef = fa(v1).

Vi v, vy
IPCS EPCS
X1 Xn X,
Existence of nonzero steady-state regime
Impossible adaptation of IPCS for variations in v,,, v,

Xn = fa(Va), X5 = fa(Vu), EY = fe(Va),
X = fa(Vy)s X, = fa(Vy) Ef = fe(vy),
Xu = fe(V1), Er = fe(1), X = fe(01), Ef = fa(v1).

Vy vy

g
NCS 1:1 IPCS EPCS
X1 Xn X

Existence of nonzero steady-state regime
Feasible adaptation for variations in v,, v,

Vi Vi vy
NCS t:i IPCS EPCS
X1 Xn X,
(+

Steady-state regime conditioned by fo, f,, fii
Opposite adaptation of IPCS for variations in v,l v,

X = fa(V)s 1 = folVa)s Ex = fo(Va)s X = fa(Vi)s Ef = fo(va),| %o = Ffa(Va)s X1 = fa(Va)s Ev = fa(Va), X, = fu(Va), ET = fe(Va),
Yo = fa(V)ox = fo(VD) Er = £V, Xt = fa(Vi), Ef = fu(vi))| X = fa(Vi), 11 :fd(V,f)vEl = fa(Vi)s x5 = fa(Vy), E = fe(Va),
Xp = fo(Vo). Ey = fo(vo). X _ﬂ(vu) Ef = fu(v0). X = fe(vo). x1 = fe(Vo). Er = fe (Vo). %, = fe(Vo). Ef = fa(Vo)-

Vi Vi v i Vi Va

. - - e st it

Existence of nonzero steady-state regime
Impossible adaptation of IPCS for variations in v,
X = fa(Va), Ev = fe(Va), X, = fa(Va), EY = fa(Va),
X = fa(Vy)

No steady-state regime
Opposite adaptation of IPCS for variations in v, v,
X = fa(Va)s Et = fe(Va), %5 = fa(Va)s EY = fa (V).

X = fe(V1), Er = fa(1), X, = fe(V1), Ef = fe(v1).
71 Vo A Vi Vo vi A
EPCS [ | IPCS EPCS I:l NCS I:l PCS
) ) e :

Existence of nonzero steady-state regime
Feasible adaptation for variations in v,, v,

Xn = fa(Va), Ev = fe(Va), X%, = fa(Va), ET = fe(Va)
X = fa (Vi) B = fe(Vi). x5 = fa(vi) Ef = fe(vy),
X = fe(Vi), Er = fe (1), x5, = fe(V1), Ef = fa(V1).

Existence of nonzero steady-state regime
Feasible adaptation for variations in v, v,

X = fa(Va)s Ev = fa(Va)s X7 = fe(Va), %3 = fa(Va)s Ef = fe(Va),
X = fa(Va)s Ev = fa (V) x, = fa (V) X = fe(vy), Ef = (V).
Xy = fe(V1), Er = fa(v), x5, = fe(vi) x) = fa(Vi), Ef = fa(n).

Vi Va vy vy
EPCS I:l NCS I:l IPCS

X X, x7 X

' “ " (+>J' "

Steady-state regime conditioned by fq et f
Impossible adaptation of IPCS for variations in v, v,

X = fa(Va)s Er = fe(Va), 53 = fa(Va)s X7 = fa(Va), Ef = fa(Va),
Xo = fa(Vi)s Ev = fe(Vi), 0 = fa (V). x{ = fa(vi), Ef = fa(vy).
Xy = feW), Er = fa(vi). x, = fe(vi). x) = fa(vi), Ef = fa(n).

We assume that (i) the input flux vy (or vp) is able to maintain the concentration of the first metabolite
x1 (or x¢) constant and (i7) the enzymes of the modules do not saturate. f. increasing function and

fa decreasing function

series that is associated with positive feedback (see Table 5.1), we cannot directly
conclude the existence of a steady-state regime. Typically, we obtain a necessary
condition of intersection between two increasing functions:

Eq fo(xo, Xp) = En fu(Xpn),
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Table 5.2 Rules for the interconnection of several modules in parallel and characteristics of the
steady-state regime for variations of vy, (v¥) and vy (or vp)

Vo Vi Vi Vo Vi Vi
X Xn X Xn
vi vy Vi vy

X, X,

Existence of nonzero steady-state regime
Feasible adaptation for variations in v,,, v,/
Xn = fa(Va), Ex = fe(Vy), no effect on v,
Xy = fa(vi), Ef = fo(v;), no effect on v,,,
Xy = fe(Vo), E1 = fa(vo). x; = fe(Vo), E{ = fu(Vo).

n
Existence of nonzero steady-state regime
Impossible adaptation of IPCS for variations in v,
Xn = fa(Va),
X, = fa(Vy), Ef = fe(v;), no effect on v,,,
Xy = fe(Vo), E1 = fe(Vo), x; = fe(vo), Ef = fa(vo).

Vo Vi Vn
X1 Xn
vi Vo

~

Existence of nonzero steady-state regime
Impossible adaptation of IPCS for variations in v,
X = fa(Va), x5 = fa(Vy),

X = fe(Vo), Ev = fe(Vo), X, = fe(vo). Ef = fe(V0)-

Vo Vi Va
L EPCS
X Xn
" " .
% v v,

Existence of nonzero steady-state regime
Feasible adaptation for variations in v,,, v
Xn = fa(Va), Ey = fe(Vy), no effect on v;;,

X = Ja (Vi) xi = fe(vi), Ef = fe(V;), no effect on v,,,

Xu = fe(Vo), E1 = fu(Vo), x; = fe(Vo), x] = fe(Vo), Ef = fe(V0).

t EPCS
x1 Xn
Vo vi v,

Steady-state regime conditioned by f;, f;
Impossible adaptation of IPCS for variations in v,
Xp = fa(Va), Ey = fe(Vy), no effect on v;;,
X = fa(Vi) Xy = fa (Vi) B = fa(vy), mo efffect on v,,,
X = fe(Vo)s Ev = fa(Vo), %, = fe(Vo), X7 = fe(Vo), Ef = fe(Vo).

Vo

Vi Vi
NCS EPCS
X0 X1 Xn
(+) . .
% v
IPCS
X

Steady-state regime conditioned by fy, f
Impossible adaptation of IPCS for variations in v, v,
Xn = fa(Va)s Ev = fe(Va)s X1 = fa(Va)s 5, = fa(Va)s BT = fu(Va)s
X = Ja (Vi) Ev = fe(Vi)s xo = fa (Vi) = fa (Vi) B = fa(Vy)s
X1 = fe(Vo), %n = fe(vo), Er = fa(Vo), %, = fe(Vo), Ef = fe(Vo).

Vo

Vi Vi
NCS EPCS
Xo X1 Xn
=) v v
1 'n
IPCS
X

Existence of nonzero steady-state regime
Feasible adaptation for variations in v,,, v,
Xo = fa(Vi)s Ex = fe(Va)s X1 = fa(Va), X = fa(Vn), Ef = fu(Va),
xn = fe(vi). Ev = fa (Vi) xu = fo(vi). o = fa (V). Ef = fe(V;),
xi = fe(Vo), xn = fe(Vo), Ev = fa(Vo), x;, = fe(vo), E} = fe(Vo).

We assume that (i) the input flux vy (or vp) is able to maintain the concentration of the first metabolite
x1 (or xp) constant and (i7) the enzymes of the modules do not saturate. f. increasing function and

fa decreasing function

where fo and f,, are both increasing functions of x,. By convention, the condition of
existence of the steady-state regime in these cases is dependent, which is in contrast
to those cases in which the existence of the steady state was achieved structurally.
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Fig. 5.8 The modular decomposition of the synthesis of purines: NCS and IPCS modules are
connected in series and combined with a negative feedback

5.5.2.3 An Example: The Synthesis of Purines

Purines are the main precursors of RNA and DNA synthesis. Thus, one could expect
that the control of the synthesis pathway of purines would be driven by the down-
stream flux demand, i.e., an end-product control structure, such as with amino acids.
Surprisingly, the control structure corresponds to an IPCS module that is coupled
to an enzymatic inhibition of the upstream enzyme [Eg, which produces the initial
metabolite X1, by the final metabolite X,, [27, 30, 39]. We will now prove that, con-
trary to an IPCS module alone, this control structure is able to cope with a final flux
demand. Schematically, the combination corresponds to a NCS module and an IPCS
module that are connected in series; these connected modules are combined with
negative feedback (see Fig. 5.8). This combination will be referred to as IPCS(™)
in the next section. Moreover, all the genes involved in the purine synthesis are in
operon [39].

The steady-state output flux vy of the NCS module is given by:

vo = Eo fo(x0, Xn), (5.23)

where Ey > 0 is fixed and fj satisfies the characteristics of an irreversible enzyme
that is inhibited by a metabolite and is decreasing (resp. increasing) in x,, (resp. xo).
The flux vy is the input flux of module IPCS.

Proposition 5 Forall u > 0, Eg > 0, {?,, >0 c_md xo > 0, there exists a unique
steady-state regime (X1, ...,%x,) and (Eq, ..., E,_1) to system (5.20), which is
associated with Eq. (5.23), such that
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Eo fo(xo, Xn) = Ep fu(xn)
vo = Eo fo(xo, X») (5.24)
vy = Ep fu(xn)
ifand only if vo < E1M1 and for alli € {2,...,n — 1}, we have vo < o; E1 M.
Moreover,

e X, = X,(xo) is increasing in xo.

e X, = X,(Ey,) is decreasing in E, and x; = x;(E,) fori = 1,...,n — 1 are
increasing in E,,.
e X; =X;(Eg) fori =1,...,n areincreasing in Ey.

Proof The proof is achieved by writing the input/output characteristics of the mod-
ules. The connection between the NCS and IPCS in series is direct and the associated
characteristics is v,—1 = Hy (X0, X,,), where H, is increasing in Xo and decreasing
in X,. Then it remains to connect this characteristics with the final flux demand
E, f,(xn) = v,, which is increasing in x,,. Due to the monotonicity of the functions
H, and f,, with respect to x,,, we conclude the existence and uniqueness of the steady
state (under the assumption that the enzymes do not saturate). The behaviour of the

module components are deduced from the individual module properties.
Remarkably, the steady-state concentration x,, of the final metabolite is completely

determined by the concentrations and the characteristics of the enzymes Eqy and E,
and not by the enzymes of the [IPCS module. For fixed E( and x¢, the input flux vg
is directly determined as a function of v, and x,,. The other components of the IPCS
module, (Ei, x;i) fori € {1,...,n — 1}, are adjusted to cope with the flux demand.
In contrast with the case of the IPCS module alone, this module combination is able
to cope with the final flux demand.

5.6 Decomposition of the Metabolic Network into Modules

5.6.1 The Main Identified Combinations

Tables 5.1 and 5.2 show the rules that define the interconnection between modules,
regardless of their actual presence in an organism. Using the knowledge-based model
of B. subtilis [17], we can indicate the actual combination of modules that are present
in this organism (and in E. coli).

Connection of EPCS-EPCS modules in series: This motif, which corresponds to
the series of two EPCS modules with an intermediate branching point, occurs in (a)
the synthesis of glutamate and glutamine [8, 14, 26, 41, 43], (b) the synthesis of
glutamate and proline [7, 8, 26], and (c) the synthesis of S-adenosyl-methionine and
cysteine [4, 25]. In E. coli, the regulation of the amino acid synthesis pathways have
been deeply characterised; therefore, we found that the synthesis of threonine and
isoleucine can also be represented by a connected EPCS-EPCS motif [20].
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Connection of IPCS-EPCS modules in series: We could not identify this type of
connection in the metabolic model. However, if we consider that the initial-product
control structure is associated with the inhibition of enzyme Eq (IPCS™) in Fig. 5.8),
the IPCS(™)-EPCS connection can be used to represent the connection between the
glycolysis pathway and the syntheses of isoleucine, leucine and valine [9, 32, 33,
35, 37].

Connection of EPCS-IPCS modules in series: The EPCS/IPCS connection is the
standard configuration that is used to connect the synthesis and degradation pathways
of amino acids, such as arginine [15, 23] and most likely histidine [12, 13, 40, 42].
Unfortunately, the regulation of the synthesis of histidine is unknown. In E. coli, the
synthesis of histidine is controlled by histidine through the corresponding charged-
tRNA and thus by an EPCS module [20]. Usually, a global regulation is present on
the connected IPCS module to prevent the simultaneous induction of both modules
[6, 12, 13, 42].

Connection of IPCS-IPCS modules in series: We identified the presence of the
IPCS-IPCS connection at the level of the synthesis and degradation of fatty acids
[22, 31]. The global regulator CcpA prevents the degradation of the fatty acids in
glycolytic conditions [22, 24]. Moreover, the IPCS/IPCS (™) connection connects the
degradation of carbohydrates with the glycolysis pathways (see references in [17]
and [9]). The IPCS™)-IPCS™) connection has not yet been identified. However, it
could exist because the regulatory network is only partially known.

The conditions of existence and uniqueness of the steady-state regime and the
qualitative evolution of the main module components can be deduced for all types of
these realistic combinations. Remarquably, in most of cases, the steady-state regime
exists structurally. Therefore, the existence of steady state only depends on the con-
centrations of enzymes, which have to be high enough to avoid intermediate enzyme
saturation. Finally, the prediction of the qualitative evolution of the main module
components has been successfully used to analyse the consistency of datasets (tran-
scriptome, fluxome and metabolome) (see [16] for details).

5.6.2 An Example: The Synthesis of Lysine

In this section, we used our results to compare a specific metabolic pathway, the
synthesis of lysine, under two distinct physiological conditions: steady-state growth
in glucose and in malate. Both of these growth conditions result in similar growth
rate values. Therefore, we used two datasets that were produced in the European
project BaSysBio (LSHG-CT-2006-037469). Using our approach, we explained the
unexpected repression of the lysine pathway that occurs under malate conditions and
not in glucose. As will be shown in the rest of the section, this effect is most likely a
direct consequence of the high level of aspartate (the first metabolite of the pathway)
that is accumulated under malate growth conditions.
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Fig. 5.9 The synthesis pathway of lysine

Figure 5.9 describes the lysine synthesis pathway and its connections with other
essential pathways, whereas Fig. 5.10 highlights the key elements that are involved
in the regulation of the lysine synthesis pathway:

e the feedback inhibition of the first enzyme of the pathway, which is encoded by
the lysC gene, by the end product (lysine) and
e the genetic regulation of the same gene by an L-box mechanism.

The L-box is a RNA riboswitch that involves lysine. Lysine binds directly to the
lysC nascent mRNA, which causes a structural shift that ends the transcription. The
regulation of the lysA gene by the same L-box mechanism remains elusive and it is
therefore not considered further in the analysis (to maintain the explanation as simple
as possible). This structure is classical in metabolic networks and corresponds to the
end-product control structure that was described in this chapter. We can directly
characterise the properties of the pathway at steady state. The regulation of lysine
synthesis satisfies all of the assumptions that are explained in Corollary 4 because
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Fig.5.10 Regulatory network
of lysine synthesis

Aspartate

Methionine
L-aspartate-semi- Threonine
aldehyde Isoleucine

e LysC is irreversible due to the hydrolysis of ATP,

e The activity of the first enzyme is inhibited by the end product (lysine), and

e The transcription of the first enzyme is repressed by the end-product through an
L-box mechanism.

Based on the results described in Sect. 5.3, the expression of the gene lysC depends
on various factors:

1. metabolites, other than lysine, that act on the first enzyme of the pathway, such
as aspartate,

2. flux demand, which is defined mainly by the activity of the tRNA synthase LysS,
and

3. external factors that modulate the transcription and translation of the first gene,
such as the activity of the RNA polymerases and/or the ribosomes.

The qualitative prediction of the system behaviour with respect to the evolution of
the first metabolite (aspartate) and the flux demand (the activity of tRNA synthase
LysS) can be predicted (see Table 5.3). The predictions that are shown in Table 5.3
can be extended to any other compatible combinations of conditions. Nevertheless,
some qualitative predictions are not possible for some combinations due to their
contradictory effects on the system. A contradictory combination, such as an increase
in both the flux demand and the aspartate pool, could only be solved if the relative
effect of the different factors that act on the regulation is known. Obviously, the
knowledge of these factors is related to the identification of system. Because the
growth rate between the malate and glucose experiments is similar, the impact of
the growth rate on (i) the enzyme synthesis and (ii) the amino acid flux demand by
the ribosomes is limited by these two conditions. We thus identified the different
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Table 5.3 Qualitative prediction of the lysine pathway behaviour under various conditions

Considered conditions Predictions

LysS (E,) Aspartate Lysine evolution Flux evolution lysC-mRNA
+ Constant — + +

— Constant + - -

Constant + + + -

Constant — — — +

Table 5.4 Variation of the

. Module components  Glucose Malate
lysine module components.

gdwce = gram of cell dry Aspartate (umol/gdwce) 1.4 10.5
weight Lysine (umol/gdwc) 0.1 0.2
mRNA-/ysC(log) 14.3 12.3

predictions for a constant flux demand under the two conditions. The concentration
of lysine is then an increasing function of the aspartate concentration, and in contrast,
the expression of /ysC is a decreasing function of the aspartate concentration. These
predictions are in agreement with the experimental data (see Table 5.4), which led
us to conclude that the increasing value of the lysine concentration under malate
conditions is most likely due to the increasing aspartate concentration.

5.7 Conclusion

The framework that was proposed in this chapter is dedicated to the formal defi-
nition and characterization of modules in metabolic pathways. This framework is
general enough to study the existence and uniqueness of a structural steady state in
any metabolic pathway, including complete metabolic networks. Combined with our
results in [17], this is the first report, to the best of our knowledge, of a global-scale
analysis of the systematic exploration of all configurations in a realistic biological
model. Remarkably, most of the steady-state regimes of realistic metabolic con-
figurations exist structurally. More globally, the local properties of modules have
important consequences on the entire metabolic network. Indeed, despite the high
coupling that exists in the metabolic pathways (and its associated genetic regulatory
network), the steady-state regime of the entire metabolic network is dramatically
decoupled. In terms of control, this property is highly expected. Otherwise small
variations in a specific module could constantly lead to global genetic adaptations of
the entire metabolic network. Beyond the aspects of controllability of the metabolic
pathways, we recently shown that the sparing management of resources between the
intracellular biological processes of the cell leads to define structural constraints,
whose one of their consequences is the emergence of a modular organisation in the
metabolic network [18, 19]. An interesting perspective of this framework is the study
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of the stability of the elementary modules and their interconnection. The analysis of
the stability of metabolic pathways is an open area of research given the very large
diversity of configurations and systems and the non-linearity of the equations. Some
results have been obtained for linearised systems of specific metabolic pathways
[1-3, 36]. Nevertheless, the obtaining of results on the global stability of nonlinear
biological system even for one single module remains an open question.
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Chapter 6
An Optimal Control Approach to Seizure
Detection in Drug-Resistant Epilepsy

Sabato Santaniello, Samuel P. Burns, William S. Anderson and Sridevi V.
Sarma

Abstract Hidden state transitions are frequent events in complex biological systems
like the brain. Accurately detecting these transitions from sequential measurements
(e.g., EEG, MER, EMG, etc.) is pivotal in several applications at the interface
between engineering and medicine, like neural prosthetics, brain-computer interface,
and drug delivery, but the detection methodologies developed thus far generally suf-
fer from a lack of robustness. We recently addressed this problem by developing a
Bayesian detection paradigm that combines optimal control and Markov processes.
The neural activity is described as a stochastic process generated by a Hidden Markov
Model (HMM) and the detection policy minimizes a loss function of both probabil-
ity of false positives and accuracy (i.e., lag between estimated and actual transition
time). The policy results in a time-varying threshold that applies to the a posteriori
Bayesian probability of state transition and automatically adapts to each newly
acquired measurement, based on the evolution of the HMM and the relative loss
for false positives and accuracy. An application of the proposed paradigm to the
automatic online detection of seizures in drug-resistant epilepsy subjects is here
reported.
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6.1 Hidden State Transition Detection in Medicine

The classic problem of detecting abrupt changes in a sequence of noisy observations
collected from a target system [9, 14, 67, 103] has recently gained large interest
in neuroscience and medicine (e.g., [1, 7, 39, 44, 56, 61, 84, 91, 94, 96, 97, 102,
104, 109, 110]), mainly because changes in the physiologic expression of a com-
plex biological system (e.g., the brain, heart, liver, etc.) often correspond to critical
variations in the clinical or behavioural state. For example, abrupt changes in the
atrio-ventricular depolarization delay, the heart rate variability, or the Q-T intervals
from the clinical electrocardiogram (ECG) may indicate an incoming tachycardia
[19, 50, 96, 97]. The appearance of fast high-frequency oscillations in the intracra-
nial electroencephalogram (iIEEG) of an epileptic subject has been recently shown to
precede the onset of a seizure and characterize the epileptic focus [4, 27, 43, 107].
Changes in the spiking pattern of somatotopic neurons in the subthalamic nucleus
and the globus pallidus can be observed a few hundreds of milliseconds before the
actual movement onset of the upper limbs both in non-human primates and Parkin-
son’s disease patients performing a reach out task [30, 83, 106]. Finally, changes
in the spectral content of multi-unit recordings, local field potentials, and iEEG of
the primary motor and ventral premotor areas have been shown to encode the target
position and the kinematic variables (i.e., arm position and velocity) of reach and
grasp movements [8, 28, 51, 55].

In all these examples, the state transitions are hidden in neural measurements and
impact statistics computed from these measurements. Detecting timely and accu-
rately such changes would be pivotal to the development of reliable unsupervised
monitoring devices, event-based responsive therapies, and more naturally controlled
brain-machine interfaces for limb prosthesis. Hence, several methods have been
developed in the last twenty years to detect hidden state transitions from sequential
neural measurements, and several tools from machine learning, artificial neural net-
work, and estimation theory have been exploited to optimize the detection process
[5, 32, 33, 36-38, 44, 45, 54, 68, 73, 91, 93-95, 99]. In particular, it is required
that the detection is online (i.e., after every newly acquired measurement it must be
decided whether or not the change has occurred) and minimizes both the probability
of a false positive (i.e., erroneous detection of a state transition) and the lag between
actual and estimated change time for true positives [9, 67].

However, the detection algorithms developed thus far often reveal lack of
robustness and produce too many false positives when implemented online on test
data [47], perhaps because none of these methods explicitly introduces performance
specifications or a loss function.
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Fig. 6.1 Schematic of the proposed paradigm for seizure onset detection

To cope with these issues, we introduced in [79, 80, 82] a Bayesian framework
for hidden state transition detection that formulates the change point detection as a
“Quickest Detection” (QD) problem [66, 67, 90, 110] and solves it by combining
Hidden Markov Models (HMMs) [21, 23], Bayesian Estimation [10], and Optimal
Control [11].

In our framework, the brain’s activity is modelled as the output of a two-state HMM
where the output neural measurements depend on the actual (not visible) clinical state
and are generated sequentially. Based on the HMM evolution and given current and
past measurements, we recursively compute the a posteriori conditional probability
of state transition (Bayesian Estimation), and, finally, we obtain the optimal detection
policy (ODP) by minimizing a loss function of the expected distance between actual
and detected change time (QD). The loss function is chosen to weight separately
early detection (i.e., before the actual change time, which could be a false positive
condition) and delayed detection (i.e., after the actual change time), thus penalizing
differently the probability of false positives and true positives. This function depends
on both the state-transition probability and the sequential measurements, and it is
minimized via optimal control [11].

In [75-77] we recently applied this framework to the automatic detection of
seizures in drug-resistant epileptic subjects. In this case, we exploited continuous
multi-channel iEEG recordings to develop a time-varying spectrum-based matrix
of the brain network connectivity and, correspondingly, we computed a measure of
the connectivity strength. Then, we assumed that such a measure is the output of
a two-state HMM (the states correspond to the seizure and non-seizure condition,
respectively) and derived the ODP such that seizure-related changes in the stochas-
tic distribution of this measure were automatically detected. A schematic of our
framework for seizure onset detection is reported in Fig. 6.1.

Here, we summarize the main features of our approach and apply it to the seizure
onset detection problem on a novel extended dataset of multi-channel iEEG record-
ings from five drug-resistant epileptic subjects (604 h of recordings, 20 seizures
altogether). A specific measure of connectivity strength [76] is also explored in
order to better characterize the brain activity at the seizure onset.

Our interest in epilepsy and seizure onset detection is motivated by the fact that
(1) epilepsy affects a large population worldwide (over 60 million people) [12, 74,
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Fig. 6.2 HMM schematic with two hidden states (x; = 0 and x; = 1) and observable output z,
k =1,2,.... px and n; are the probabilities of transition from state O to state 1 and vice versa,
respectively. g (zx|Hj) is the probability function of z; in state x € {0, 1} conditioned on the past
output sequence Hy £ {z0, 215 - s Zk—1}

98] and (ii) the drugs currently used to manage the frequency and severity of the
seizures are ineffective in over 30 % of the epilepsy patients, with often side-effects
due to over-treatment [22, 89]. In this scenario, there is an increasing interest in
automated closed-loop intervention approaches (e.g., responsive neurostimulation
[3, 25]), but such approaches are most effective when administered immediately
prior to or after seizure onset. Therefore, novel unsupervised online seizure detection
policies are required such that the desired performance measures are tuned non-
heuristically by using the design of the loss function.

6.2 Hidden Markov Model and State Evolution

We consider the affected brain under the following assumptions: (i) the brain evolves
according to a two-state hidden Markov model (HMM), where the state is unknown
and “hidden” into a sequence of neural measurements (observations), see Fig. 6.2;
(ii) the observations are available at discrete stages k = 0, 1, 2, ...; and (iii) the
generic observation z; depends on the current state x; and the previous observa-
tions, which are given in the history sequence Hy £ {20, 21, . .., Zk—1}. Under these
hypotheses, the goal of our paradigm is to detect the transition time 7 > 0 from state
0 to state 1.

Note that the formulation, which was derived for a two-state HMM in [75-77,
79, 80, 82], can be generalized for an N-state HMM, with N > 2. The HMM is
fully characterized by providing the probability of the initial state pg = P(xg = 1),
the conditional probabilities of state transition, px £ Py = llxx—; = 0) and
Nk L P(xy = Olxz—1 = 1), for all k, and the probability of the output measurement
ax(z|Hy) & P(zx = zlxx = x, Hy), for any x € {0, 1}, history H, and value z
of interest [23]. Finally, note that, because of the use of an HMM and our focus
on the transition from state 0 to state 1 only, T is a discrete random variable with

PT =k = pe [1}2) (1 = ).
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In [75, 80] we solved this problem by introducing the Bayesian a posteriori
probability 7 of being in state 1 at stage k given the measurements up to and including
stage k, i.e., my £ P(xx = 1|z, Hy). It can be shown that the variable 7 evolves
recursively, based on the current and past observations (zz and Hy, respectively), the

probabilities pg and 1y of state transition in the HMM, and the ratio Ly e %:
q1(z0)po
o = P(xo = l|zo) = (6.1a)

q0(z0) (1 = po) + q1(z0)po’
L 11—
_— k1 [ 7 (1= mit1) + Ecorsn ] ’ 6.1b)
(1 = prr1) & + mamirt + L [t (1 — mis1) + Eorgr ]

A
= Dy 1 (ks Tkt 15 Hit1),s

where & 2 1 — 7 [80].

6.3 Optimal Control-Based Detection Policy

In [80] we formulated the state transition detection problem as an optimal stopping
problem and we stated the required performance goals upfront by minimizing the
loss function:

Jo £ aiEp{o(T — T$)}P(T > Ts) + axEp{*(Ts = D}P(T < Ts).  (6.2)

In (6.2), ¢(¢) is a (user-defined) nonnegative and non-decreasing function of the dis-
tance (¢) between the estimated and the actual change time (7' and T, respectively).
Wesete 2T —Tsgore 2 Tg — T for early (T > Ty) or delayed (T < Tys) detection,
respectively, and ¢(¢) = 0 for ¢ < 0. Furthermore, E7{-} in (6.2) is the expected
value and parameters aj, ap > 0 are parameters introduced to trade-off between
early and delayed detection.

With regard to the specific problem here presented (i.e., seizure onset detection),
T > Ty indicates either a false positive (if T does not occur in a reasonably short
time window following the warning, see Sect. 6.6) or an early detection (if T does
occur within the window). Also, we weighted |7 — T/ differently in case of early
and delayed detection (linear vs. quadratic value of ¢) in order to penalize more
the occurrence of long delays (i.e., Ts > T), which are unacceptable in case of
responsive treatments to seizures.

We minimized (6.2) by introducing the decision variable u; € {0, 1}, which
indicates whether a state transition has been detected (u; = 1) or not (u; = 0), and
then expanding the original state space model (6.1a, 6.1b):

Dy 1 (s Tt 1, Hier1) wxe =0 63)

A
it = Jier1 0Tk et iy, ue) = [termination u, =1
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In this way, the detection results in deciding the switch time from u; = 0 to u; = 1
that minimizes (6.2) [11]. In (6.3) the “fermination” state indicates that we have
stopped caring about the observations zi.

The loss function (6.2) can be constructed in terms of zj, 7, and u. To this
purpose, we define a loss-per-stage Gy (g, ux) that penalizes both the missing of a
state transition (k > T and u; = 0) and the detection of a transition before its actual
occurrence (k < T and u; = 1), while it is 0 otherwise:

. aZET{w(]i— T)}nk u, =0
Gi(m, w) = { aEp{o(T — k)& we =1 (6.4)
0 otherwise

In (6.4) & = 1 — my and Gy (g, ux) = 0 if the switch from u; = 0 to uy = 1 has
occurred before the stage k. We also introduce a terminal loss for missing the state
transition over the whole observation horizon [0, M):

_ | aE{o@T —M}ey uy—1 =0
G (7tmr) = {O otherwise
where £y £ 1 — 7. In this way, for any policy (ug = -+ = ury—1 = 0, ury = 1),

minimizing the loss function (6.2) corresponds to minimizing the loss function:

M-1

Ezzipezu {GM(JTM) + % Gy (., Mk)} (6.5)

provided that ¢ is non-decreasing. We note that, in the formulation given in
[75-77, 79, 80, 82], M is finite, i.e., the detection problem is restricted to the class
of decision policies that stop almost surely (i.e., with probability 1) in finite time,
which guarantees that the cumulative loss (6.5) is finite. A generalization to the case
M — oo can be achieved by following [11] (vol. II, chapter 6).

Finally, the minimization of the cost (6.5) is achieved recursively by using
Dynamic Programming [11]:

Iy () = Gy () (6.6a)

Ji (7r3) = min {Gk(”ks u = 1), Gr(mg, ux = 0)

+ By (it (Put Gric st Heen) He1 ) (6.6b)

with Hy41 £ (Hy, z), and the resultant optimal solution (i.e., the estimated state
transition time) is

Topp = min {o <k < M|t > Fi(mi, 2, Hk)} 6.7)
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where _
a1 Ex{o(T — )} — 21

Fy (g, 2, Hi) = T T
« (T, 2k, Hy) alET{w(T_k)}—}-aQET{(p(k—T)}

and

eyt = By {1 (Prer (e, 210 Hi 1)) 1 Hig1 )
= > Jir1 (Pus1 Gt 22 Hiy 1)) Prs 1 = 2lHir)

Z

= > Jir1 (P 1 Gt 22 Hes 1)) Wy

Z

W1 = q1 @ Hir) (e + Epr1) + 90 @IHir) (1 = g1 )éx

and the summation is taken over all the possible values z of zj1.

6.4 Network-Based Analysis of the iIEEG Recordings

In [75, 77] we proposed to apply the ODP policy (6.7) to the automatic detection of
seizure onsets in drug-resistant epileptic subjects. In this case, it is pivotal choosing
a sequence of measurements zx, k = 0, 1, 2, .. ., such that changes in the stochastic
distribution of z; occur at the onset of the seizures.

Several univariate and bivariate measures have been computed thus far by using
single-channel or two-channel EEG signals (both surface and intracranial) [18, 24,
31, 34-36, 40, 41, 49, 52, 58, 59, 61, 69, 73, 93, 99], although none of them
has provided a consistent separation between seizure and non-seizure periods. More
recently, network-based approaches have been proposed to simultaneously analyse
signals from all the available electrodes [6, 16, 46, 65, 71, 72, 8688, 105]. These
approaches treat each electrode as a node in a graph, and any two nodes are con-
nected if the activities at these sites are dependent. The resultant connectivity matrix
associated with the graph is analysed and statistics computed from this matrix have
revealed significant changes in the graph topology at the seizure onset.

Following this framework, we defined in [75, 77] the connectivity matrix, A, as
the normalized cross-power in a specific epilepsy-related frequency band B among
all the available iEEG signals, i.e., the generic element A; ; of A is the cross-power
between the iEEG signals recorded by electrode i and j. Then, we computed the
singular value decomposition of A and used the leading singular value o7 as the
measurement to be monitored in order to detect a state transition at the seizure onset.

More recently, we noted that the distribution of the whole set of singular values
changes over time because of the occurrence of seizures and these changes might
be reflected by the median value of the singular values [76]. Therefore, we compute
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here A over a sliding window (length: 2.5 s), with 1 s sliding step (i.e., A is updated
every second to capture the evolution of the brain topology), and, for each window
k=1,2,..., weestimate the median value [, . of the singular values of A. Then, we
use the sequence (i, 4, k = 1,2, ... as the output observations z; of the HMM in Fig.
6.2. For sake of seizure detection, indeed, we assume that the epileptic brain follows
the HMM in Fig. 6.2, with x = 1(x = 0) representing the seizure (non-seizure)
condition.

The median (i, can reflect changes in the distance among the singular values,
e.g., it might be very low if there is only one large singular value (i.e., o1 > o,
i =2,3,...), while it may become larger in case of a more uniform distribution (i.e.,
o = oj, foralli,j =1,2,3,...), thus reflecting variations of the synchronization
level in the brain network [72, 87, 88].

Finally, the computation of A exploits the frequency band B = [13,30] Hz for each
subject, as the earliest spectral changes around the seizure onset were consistently
reported in this band.

6.4.1 History-Dependent Model of the Output Measurements

The output probability functions g, (z|Hg), x € {0, 1}, in Fig. 6.2 were computed by
combining generalized linear models (GLMs) and maximum likelihood estimation
[75-77]. Observations were quantized, mapped to integer nonnegative numbers (i.e.,
ne £ Q([z]), with g € Z{ for all k), and fitted by a Poisson law [92]:

O([zD

~ A —hey Xk
qx(zk = 2|Hy) = P(n = Q([z])|Hg, x) = e+ k—qu])! (6.8)

where A, ; is the instantaneous rate and depends on the state x, time &, and the
previous history Hy. Then, the time evolution of A, ; was modeled via GLM [53]

L
log Axk = Oy + Z ﬂx,jnk_j (6.9)
J=1

where the parameter vector @, £ {a,, Bx.1s - - - Bx,L} 1s fitted on the data via maxi-
mum likelihood estimation [15].

We chose the number of parameters L = 10 in ®, by minimizing the Akaike’s
information criterion [2] over a set of candidate models and, for each subject, ©,
was estimated separately for state x = 0 and x = 1 on training data. Training data
included 1 h of continuous interictal (i.e., seizure-free) recordings and one seizure
period (see Sect. 6.5). The training interictal recordings were collected at least 10 h
before any seizure event.
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Table 6.1 Experimental setup

Subject ID  Age/Sex Seizure Seizure # h Recordings  # Seizures  # Electrodes
origin  type

PT-01 18y/M P-T CPS:GTC 134 3 86
PT-02 17y/F 1-0 CPS:GTC 134 2 40
PT-03 49y/F M-T CPS 69 4 82
PT-04 14y/M P-O CPS:GTC 133 7 77
PT-05 20y/M L-T CPS 134 4 108

I-O = inferior occipital lobe; L-T = lateral temporal lobe; M-T = mesial temporal lobe;
P-O = parietal occipital lobe; P-T = parietal temporal lobe; CPS = complex partial seizure;
CPS:GTC = complex partial seizure with secondary tonic clonic generalization

6.5 Multi-channel Intracranial EEG Recordings

The experimental setup includes five drug-resistant epilepsy subjects, who were
monitored for approximately one week (120.8 £ 28.96 h per subject, mean £ S.D.)
with subdural and depth electrode arrays as part of their pre-surgical evaluation at
the Johns Hopkins University Epilepsy Center. The decisions regarding the need for
invasive monitoring and the placement of electrode arrays were made independently
of our study and solely based on clinical necessity. Acquisition of data for research
purposes was done with no impact on the clinical objectives of the patient’s stay.

Subjects were implanted with subdural grid arrays, subdural strips, or depth
electrode arrays in various combinations as determined by the clinical assessment.
Subdural grids have 20-64 contacts per arrays and were used in combination with
subdural strips (4-8 contacts) or depths arrays. Intracranial contact locations were
documented by post-operative CT co-registered with MRI. Table 6.1 reports subject-
specific information, including the number of electrodes, the duration of the intracra-
nial recordings, and the type and origin of the annotated seizures.

Intracranial EEG signals were acquired continuously from each subject by using
a Stellate™ system (Stellate Systems, Inc., Montreal, QC) with 1000 Hz sampling
rate and 300 Hz anti-aliasing filter, converted to EDF format for storage and fur-
ther processing. Board-certified electroencephalographers (up to three) marked, by
consensus, the unequivocal electrographic onset (EO) of each seizure and the period
between seizure onset and termination. The seizure onset was marked after visual
inspection of the iEEG signals and was indicated by a variety of stereotypical elec-
trographic features, e.g., the early presence of beta-band activity (13-25 Hz), bursts
of high frequency oscillations (100-300 Hz), an isolated spike or spike and wave
complex followed by rhythmic activity, or an electrodecremental response [60, 70,
85, 107]. These features were typically present in at least one channel at the onset of
the seizure. In addition to the inspection of the iEEG recordings, video segments of
a video-EEG recordings were analyzed to capture changes in the subject’s behavior.
For each subject, the performances of the ODP were evaluated based on the distance
between the ODP-based detected seizure onsets and the annotated EOs.
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The research protocol was reviewed by the Johns Hopkins Institutional Review
Board and data was stored in a database compliant with HIPAA (Health Insurance
Portability and Accountability Act) regulations.

6.6 ODP Performance Evaluation

In order to be consistent with the evaluation criteria used in [36, 45, 57, 61, 73,
99], we measured the performances of the ODP by considering (i) the delay between
each estimated seizure onset time and the correspondent EO, (ii) the number of true
positive detections (TPs), the number of false positives (FPs), and false negatives
(FNs) [75=77]. In particular, we classified each detection as TP or FP if an EO
occurred within A s from the detection time or not, with A = 20 in order to be
comparable to [36]. EOs that were not detected were classified as FNs.

Furthermore, we compared the ODP with three widely-used paradigms for change
point detection, i.e., the classic Bayesian estimator (BE) [10], the cumulative-sum
detector (CUSUM) [9, 62, 96, 97], and the threshold-based detector (HT), where
the threshold is fixed a priori to an heuristically-chosen value. The estimated seizure
onset given by BE, CUSUM, and HT is:

e BE: Tgg £ min{0 < k < M|m; > 0.5},
e CUSUM: Tcy £ min{0 < k < Mgk > g},
e HT: Tyr = min{0 < k < M|z > h},

withg £ ¢ and h £ [, respectively, where Mg is the mean value of the CUSUM
variable g; and /i, is the median of the output sequence [t ; during the first seizure
period (training data), respectively. Note that the CUSUM variable g is defined as:

g0 =0

a | 8k—1+h if gk-1+14>0
8k 0 otherwise

with [ £ ln(%) computed at each stage k [9, 62].

6.7 Results

The ODP framework was used for seizure detection in five drug-resistant epileptic
subjects. One hour of seizure-free multi-channel iEEG recordings and one hand-
annotated seizure per subject were used to estimate the parameters of the model
(6.9) in state x = 0 and x = 1, respectively, while the remaining data was used to
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Fig. 6.3 Examples of complex partial seizure with (a, ¢) and without (b, d) tonic-clonic general-
ization. a, b iEEG recordings from multiple focal electrodes (differential montage, labels on the
y-axis). ¢, d Median of the singular values for the iEEG recordings in a and b, respectively. Dashed
red lines indicate the hand-annotated EO and termination of each seizure, arrows indicate the onset
of the post-convulsion phase. Plots a, ¢ refers to subject PT-01 (seizure #1), plots b, d refers to
subject PT-03 (seizure #1). Log-scale in ¢, d emphasizes the dynamics around the seizure onset.

validate the detection policy. The state transition probabilities p; and 7 in (6.1b)
were assumed time-invariant and estimated for each subject via maximum likelihood
[21, 23]. For sake of simplicity, we implemented the policy (6.5)—(6.7) with the linear
penalty ¢(g) = 2e—1, which was introduced in [75-77, 80]. Results are reported in
Figs. 6.3, 6.4, 6.5, 6.6, 6.7 and Tables 6.2, 6.3.

6.7.1 Network-Based Connectivity Matrix and Singular Value
Decomposition

Figure 6.3 reports the median /i, of the singular values around the onset and termina-
tion of a complex partial seizure (CPS), both with and without secondary tonic-clonic
generalization (GTC).

CPS and GTC seizures differ for the duration of the event (GTC seizures are
usually longer than CPSs) and the extension of the brain region involved (GTC
seizures involve a larger part of the brain, frequently the whole brain), and may be
elicited by different pathologic mechanisms [17, 26, 41]. In particular, GTC seizures
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are more severe than simple CPSs, as they quickly spread from a small area (i.e.,
the "focus") to a wide region of the brain, often causing loss of consciousness and
convulsions.

Despite these physiologic and clinical differences, however, (i, has similar
dynamics in CPS and GTC seizures (Fig. 6.3c, d) and captures a seizure-related
increment of the oscillatory activity of the iEEG signals in the band [13, 30] Hz
(Fig. 6.3a, b). In particular, [i, is stable and shows minor fluctuations both before
and after seizure, which correspond to steady-state condition. At the seizure onset,
instead, [i, shows a recurrent pattern, which is consistent across the subjects and
types of seizure: it slowly decreases first and then rapidly increases, thus reaching
a local maximum approximately half of the seizure event. Finally, (i, decreases to
very small values (i.e., smaller than before the seizure onset) before rapidly returning
to the steady state conditions.

The duration of the second decreasing phase of fi, (i.e., the one right before the
return to steady-state conditions) depends on the extension of the post-convulsion
phase, which is the relaxation following a paroxysmal activity (arrows in Fig. 6.3a,
b) and usually lasts longer in GTC seizure than simple CPS. Furthermore, the mean
value of ji, at the seizure termination is lower than the pre-seizure value and, in
case of GTC seizures, it shows an abrupt drop, eventually followed by oscillations
before returning to steady state conditions (Fig. 6.3c). These results are consistent
across all the subjects, despite the various origins and types of the annotated seizures.
In particular, the pattern of i, captures the sequence of changes that occur in brain
complexity at the transition from non-seizure to seizure activity and reflects an overall
increase and more uniform distribution of the singular values 20-50 s after the seizure
EO. This pattern might be due to an initial desynchronization at the seizure onset
and then a subsequent strong re-synchronization across different brain regions, as
suggested by the correlation analysis [87, 88]. Furthermore, (i) the low in value of fi,
at the seizure termination, (ii) the subsequent long drift toward the pre-seizure steady-
state values, and (iii) the eventual post-seizure oscillations (GTC seizures) could
overall denote a post-seizure reset of the brain dynamics, with final desynchronization
among the different brain regions and lower iEEG activity [41].

6.7.2 History-Dependent Qutput Distributions

Figure 6.4 shows the estimated parameters of model (6.9) both in seizure and non-
seizure conditions for the subject reported in Fig. 6.3b, d. A history-independent
kernel-smoothing estimation [13] of the probability distribution function of [t is
reported in Fig. 6.4a.

It can be noted that the mean value and the variance of /i, increase at the seizure
onset but there is a large overlap between the history-independent probability distri-
bution functions in seizure and non-seizure conditions (Fig. 6.4a), which determines
a poor estimation of the Bayesian a posteriori probability my, see Fig. 6.5a. In par-
ticular, the history-independent estimations of go(-) and g1 () have small amplitude
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Fig. 6.4 History-independent versus history-dependent probability of the output observations. a
Sample distribution of [i, in non-seizure (blue bars) and seizure (purple bars) conditions. A history-
independent kernel smoothing density estimation of the probability density function (pdf) is given
for seizure (gray dash-dotted line) and non-seizure (black line) periods. b—d History-dependent
parameters of model (6.9) and 95 % confidence bounds (strips) during non-seizure (b, ¢, blue) and
seizure (b, d, purple) periods. Data refers to subject PT-03

and poorly modulate at the seizure onset (mostly go) while, at the termination of
the seizure, both go and g are ~0 because of the post-ictal resetting phase. As a
consequence, the probability 7z does not entirely follow the modulation of /i, i.e.,
it correctly rises from O to 1 during seizure (Fig. 6.3d and Fig. 6.5a), but then it has an
erroneous late increment to values above 0.5 (the chance level) during the post-ictal
phase , which depends on the poor post-ictal modulation of gg and g;. According
to (6.1b), the condition 3 > 0.5 erroneously indicates that state x = 1 (seizure) is
more likely than state x = 0 (non-seizure) and might lead to a false positive detection
of state transition.

The history-dependent model (6.8) and (6.9), instead, indicates that, at any given
time k, the probability of the current value of (i, depends on the pattern in the previous
10 s and that such dependency actually varies with the current state x = O orx = 1
(Fig. 6.4c, d). In particular, the maximum likelihood estimation of parameter o, in
(6.9) significantly increases in seizure conditions (Fig. 6.4b) as a consequence of the
higher average value of (i, during seizure, while the parameters B, ;,j =1, ..., 10
show larger oscillations and (slightly) larger 95 % confidence bounds in case of non-
seizure data (Fig. 6.4c), thus indicating higher variability (i.e., larger differences)
across consecutive observations and recurrent periodic fluctuations in the sequence
Mo k-

Differences in model parameters contribute to fit the GLM structure (6.9) to the
actual data sequences and allow a selective modulation of probabilities go(-) and
q1(-) (Fig. 6.5b). In particular, g; selectively increases during the seizure, it reaches
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Fig. 6.5 Bayesian probability my of state transition (black line) and output probabilities go(-) (blue
dashed line) and q) (-) (purple line) estimated around seizure #1 in subject PT-03 (see Fig. 6.3b, d).
a Probabilities obtained by using the history-independent kernel smoothing density estimation in
Fig. 6.4a. b Probabilities obtained by using the history-dependent GLM (6.9) with parameters
reported in Fig. 6.4b—d. Scale on the left and right y-axis in (a, b) refers to g (-), x = 0, 1, and 7y,
respectively

an initial peak a few seconds after the hand-annotated EO, and, then, it reaches a
final peak approximately at the beginning of the convulsive phase (40-60 s after the
EO, see Fig. 6.3b, d), while it is generally low for non-seizure data sequences. Vice
versa, go is much higher than ¢ on seizure-free data sequences and shows slow
fluctuations, while it quickly decreases to approximately O a few seconds after the
hand-annotated EO. The opposite dynamics of gg and ¢ (i) triggers my from O to 1
just a few seconds after the seizure onset, (ii) causes a fast decrease of 7y toward the
end of the seizure, and (iii) keeps otherwise 7y, very low during non-seizure periods.

Interestingly, there are two peaks in the value of gg during the seizure, one approx-
imately 20 s after the onset and one toward the end of the seizure (Fig. 6.5b). The
first peak accounts for the initial decrease of i, x at the seizure onset, while the last
one corresponds to the drop in the value of [i, x at the beginning of the post-seizure
phase (see Fig. 6.3d).
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Table 6.2 Performance analysis on validation data

Subject ID  ODP BE HT CUSUM

FPR TPR EN FPR TPR FN FPR TPR FN FPR  TPR EN

(FP/h) (%) (FP/h) (%) (FP/h) (%) (FP/h) (%)
PT-01 007 100 0 004 100 O 001 100 O 004 100 O
PT-02 029 100 0 022 100 0 014 100 0 027 100 O
PT-03 007 100 0 006 100 0O 004 100 O 003 100 0O
PT-04 001 100 0 00l 100 0O 001 100 O 002 100 0
PT-05 004 100 0 004 100 O 005 100 O 005 100 0

6.7.3 Optimal Detection Policy for Seizure Events

The performances of the proposed optimal policy (6.7) and of the other detectors in
Sect. 6.6 are reported in Tables 6.2 and 6.3. Results were obtained by using validation
data only (599 h of continuous iEEG recordings including 15 annotated seizures).

All the policies show high sensitivity (100 % of TPs, i.e., all the seizures were cor-
rectly detected, Table 6.2), low false positive rates (FPR always lower than 0.29 FP/h,
which is required for potential clinical applications), and high concentration of the
(eventual) FPs in a small time window around the actual seizures.

The fact that the false positive rate (FPR) is low also with BE and HT suggests
that the median fi, selectively increases only during the ictal events and therefore
provides a robust feature to accurately separate the seizures from the remaining
activity. In particular, the pattern of 1, (Fig. 6.3¢c, d) and the high values achieved at
the onset of the paroxysmal phase of each seizure (20-50 s after the hand-annotated
EOs, Fig. 6.3a, b) account for the low FPR achieved with the HT detector. In this
case, however, the choice of the threshold 7 is pivotal to avoid interictal spikes and
outliers in the sequence (i, x. We chose of h £ [, retrospectively in order to detect
only the high values that occur at the beginning of the paroxysmal phase and have
low sample probability during the non-seizure periods (Fig. 6.4a). However, despite
a high specificity value (average FPR: 0.05 + 0.053), this choice of & determined
large detection delays (Table 6.3) and required approximately 40 % of each ictal
period (41.87 + 10.38 %) to detect the ongoing seizure, which is generally too much
for clinical applications.

Smaller delays were achieved with the BE and CUSUM detectors (Table 6.3) and
a slightly smaller portion of each ictal period was required to detect the seizures
(3599 £ 11.56 % and 40.97 £ 17.73 % for BE and CUSUM, respectively) but
the FPR significantly increased (average: 0.07 4+ 0.08 and 0.08 + 0.11 for BE
and CUSUM respectively), mostly because the Bayesian probability m; and the
cumulative sum variable g; increase with the median (i, but with a faster pace, i.e.,
they have steeper slope than /i, (Fig. 6.3d and Fig. 6.5b).

The ODP, instead, addressed the trade-off between specificity (i.e., low FPR) and
detection delay through the design of a suitable the loss function (6.2). In particular,
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Table 6.3 Detection delay on validation data

Subject ID  Seizure Detection delay (s)
label # duration (s) ODP BE HT CUSUM
PT-01 2 236.4 35.79 48.79 76.79 51.79
3 358.8 43.20 57.20 135.20 60.20
PT-02 2 82.99 18.06 27.06 34.06 28.06
PT-03 2 77.74 10.33 24.33 26.33 26.33
3 82.23 14.25 28.25 29.25 29.25
4 86.43 20.42 33.42 34.42 79.42
PT-04 2 188.2 85.07 98.07 105.07 99.07
3 203.9 88.45 101.45 105.45 102.45
4 260.0 95.45 109.45 124.45 110.45
5 290.1 98.82 112.82 127.82 114.82
6 366.2 124.20 138.20 147.20 140.20
7 377.9 180.34 194.34 215.34 196.34
PT-05 2 101.6 32.76 40.76 45.76 42.76
3 111.8 33.59 43.59 55.59 46.59
4 108.9 2.65 16.65 17.64 23.65
mean  195.5 58.89 71.62 85.36 76.76
S.D. 112.9 50.90 51.59 57.51 50.02

we used aratio az /a; = 1000 and set M £ /p (i.e., reciprocal of the probability of
transition from state O to state 1, Fig. 6.2) in order to penalize more the detection delay,
and we finally achieved a significantly lower delay (paired-sample t-test, p < 0.0005
Bonferroni corrected, see Table 6.3) and required a significantly smaller portion of
each ictal period to detect the seizures (27.26 £ 13.48 %, paired-sample z-test,
p < 0.01 Bonferroni corrected), which may be feasible for clinical applications,
while the increment of the FPR was still limited (average: 0.0940.11) and compatible
with potential clinical applications.

Figure 6.6 shows the dynamics of the threshold Fy (wk, zx, Hy) in (6.7) around a
seizure event. Both before and after the seizure, the low values of the probability 7y
(i.e., ~0) result in a monotonically decreasing threshold. This is a consequence of the
problem formulation (6.2)—(6.7) with a finite M and the evolution model (6.1a, 6.1b),
and reflects the important fact that the likelihood of a seizure increases over time
when no seizure is detected. In this case, the choice of M guarantees a sufficiently
long evolution window (the optimal policy is reset and restarts every M samples or
right after a detection) which is related to an estimation of the average inter-time
between consecutive seizures.

At the seizure onset, instead, the probability ; begins to increase (zoom, Fig. 6.7,
bottom row) and such change in dynamics is captured by the non-monotonic behav-
iour of the threshold Fy(-). In particular, Fj(-) has an initial abrupt increment, which
is aimed at avoiding potential outliers in the value of 7 and, then, it remains con-
stantly high (i.e., ~1) as a consequence of the steady state value ; = 1 during the
seizure.
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Fig. 6.6 Probability 7y of state transition (black line) and ODP threshold F (g, zx, Hy) (red dash-
dotted line) estimated around a seizure (gray background). Data refers to seizure #1 of subject
PT-04

The advantage of the adaptive threshold Fy (-) over the fixed thresholds used with
the BE, HT, and CUSUM detectors is reported in Fig. 6.7, where the fast decreasing
dynamics of F (-) allows to capture an early consistent modulation of the probability
7 well before it reaches the BE threshold value of 0.5. Also, the dynamics of the
sequences 1, ; and g is slow during the first part of the seizure and more than 30 %
of the ictal period is required to detect a noticeable change in these sequences, which
may account for the long delays reported by the HT and CUSUM detectors. The
Bayesian probability 7z, instead, reveals an earlier modulation, which is determined
by the changes captured with the estimated model parameters ©,, x € {0.1} in (6.9).

6.8 Discussion

We recently developed an optimal control-based framework for change point detec-
tion and we used it to automatically detect seizure events in drug-resistant epilepsy
subjects [75-77, 79, 80, 82]. In particular, we model the evolution of the affected
brain as a hidden Markov chain [23], track the Bayesian probability of a state transi-
tion [10], and finally detect the seizure onset by solving a Quickest Detection problem
[66, 67, 90, 110] via Dynamic Programming [11].

As noted in [80], this framework generalizes the well-known problem of online
change-point detection [9, 14, 67, 103] to a class of output measurements which
are non-binary and history-dependent, thus resulting of interest for applications in
neuroscience and medicine. Also, the optimization problem does not require a spe-
cific type of probability distribution for the change times T (which follows from the



170 S. Santaniello et al.

3

LOG15-14 pmsibiammiy it
LOG14-13
LOG13-12
LOGI12-11
LOG11-10
LOG10-9
LOGS8-7
LOG7-6 4

B R R ik e bl 2l

LOG6-5 1
LOG5-4
LOG4-3
LOG3-2

LOG2-1

300 -
o 2000

S0 100t
0
i

Y . @300
0 ‘

~100 50 0

time (s)

Fig. 6.7 Zoom in around the seizure reported in Fig. 6.6. From top to bottom: iEEG signals
recorded across multiple focal electrodes (differential montage, labels on the y-axis) around the
hand-annotated EO (dashed vertical line); median (i, of the singular values estimated from the iEEG
signals above (black line) and HT threshold 1 (red dashed line); CUSUM variable gk correspondent
to the median [i, (black line) and CUSUM threshold g (red dashed line); Bayesian probability 7y
correspondent to the median ji, (black line), BE threshold (black dashed line) and ODP threshold
Fi(mty, zi, Hy) (red dash-dotted line)

chosen HMM) and the solution is achieved recursively, thus facilitating the online
implementation.

These results improve over recent formulations of the detection problem for appli-
cations in neuroscience [64, 102, 110]. These works, indeed, mainly used spike trains
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(i.e., binary sequences) and detected the change points offline by combining data
from different states and the knowledge of the entire neuronal activity. In particular,
Yu [110] detected changes in the neuronal spiking rate by solving a QD problem,
but strict assumptions were made on the class of output observations (which were
independent and identically distributed) and the change times 7 (which followed a
geometric distribution).

It is interesting that the solution of the problem (6.3)-(6.6b) results in the
threshold-based policy (6.7), which is adaptive and unsupervised, i.e., the evolution
of the threshold is not set a priori and depends on the adopted HMM, the distribution
functions go(-) and g1 (-) of the output measurements, and the loss function Jy [80].

Threshold-based policies have been extensively explored for seizure detection
(e.g., [24, 31, 34-36, 42, 45, 61, 73]), but threshold are usually fixed or periodically
updated by using heuristic, data-driven paradigms, which might require long training
sessions to be more accurate. Also, these policies usually apply to measurements
computed out of individual or paired iEEG recording channels, thus requiring the
threshold be tuned to the specific location of the electrodes on the brain.

Our detection policy, instead, applies on a Bayesian probability, which is always
in the range [0, 1]. Therefore, the dynamics of the ODP threshold (6.7) does not
explicitly depend on the average amplitude of the measurements in each state and can
be applied to different data generated by the same mechanism across multiple trials
and conditions, thus improving over the existing heuristic threshold-based policies
(e.g., HT, CUSUM, etc.) [80].

It is possible, however, that, although fixed, the threshold in these policies has
been chosen “optimally”, i.e., by minimizing a specific cost function. However, the
unsupervised optimal approaches proposed thus far (e.g., [5, 32, 33, 37, 38, 54,
68, 91, 93, 95, 99, 104]) usually exploit tools from the theory of machine learning,
which means that the optimization process ultimately separates the data in a specific
high-dimension feature space, but does not encompass any penalty for performance
goals. Consequently, the performances of the resultant detection paradigms follow
(and are actually limited by) the formulation of the detection criteria [75].

The proposed framework, instead, defines the required performances first by
appropriately constructing the loss function to be minimized, and then designs the
threshold accordingly, thus allowing to trade off between different objects (e.g., low
probability of false positives versus low distance between actual and detected change
time or low probability of late detection, etc.) depending on the specific application.

Finally, we note that our framework customizes to the specific application and
type of observations by exploiting a time-varying, history-dependent HMM, which
is estimated offline on training data. For sake of simplicity, we considered here a
two-state HMM, with states x = 1 and x = 0 representing the seizure and seizure-
free conditions, respectively. However, our approach can be generalized to problems
with N states (N > 2) and the correspondent optimal detection policy can be derived
as shown in (6.5)—(6.7). This is of particular interest for the seizure onset detection
problem, as we recently showed that the brain may transit across several sub-states
before and during a seizure event [16, 108] In this case, detecting multiple transitions
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or transitions in sub-states preceding the hand-annotated seizure onset would be
mostly valuable to early issue warnings or develop seizure-blocking therapies.

It is interesting, though, that a minimal HMM with just two states was enough to
detect seizures with very low false positive rates. This is perhaps facilitated by the
use of history-dependent generalized linear models (GLMs) to describe the output
probabilities go(-) and g1 (-). GLMs and maximum likelihood methods have been
widely used in the analysis and simulation of neuronal spike trains for several types
of neural disorders (e.g., [15, 20, 29, 63, 78, 81, 83, 100, 101]) and provide a
flexible framework for both stationary and nonstationary analysis. In our case, the
GLM parameters were able to accurately capture changes that occur in the median
of the singular values as soon as the seizure starts while requiring a minimal set of
training data to be estimated in both conditions.

6.8.1 Network-Based Analysis and Singular Value Decomposition

A key aspect of the methodology proposed in [79, 80] is the availability of sequential
output measurements whose probability distribution function changes because of a
hidden state transition. In the application of our framework to seizure detection we
used multi-channel statistics computed out of the iEEG signals as output measure-
ments [75-77]. In particular, the median of the singular values fi, of the normalized
cross-power based connectivity matrix showed significantly different dynamics in
seizure versus non-seizure periods, which indicates that the linear dependencies exist-
ing among all the recorded sites of the affected brain and the corresponding brain
network topology consistently vary at the transition from interictal to ictal conditions.

The choice of a (linear) network-based output variable is motivated by several
drawbacks that have been reported with most of the statistics computed thus far (e.g.,
[18, 24, 31, 34-36, 40, 41, 49, 52, 58, 59, 61, 69, 73, 93, 99]). These statistics, in
fact, are computed from single channels or small subsets of channels from the focal
area. However, this requires that the focal areas are known a priori with reasonable
accuracy, which might be problematic in case of online detection. This requirement,
instead, is less stringent when exploiting multi-channel statistics, since it is sufficient
that the grid of electrodes is large enough to include the focal areas (which is the
case with the current recording schemes) [75].

Also, it has been noted in [48] that nonlinear multi-channel statistics outperform
linear single-channel and two-channel measures, but require larger amounts of data
and computation, which might be not available during the setup of the detection
paradigm.

Finally, it must be noted that all the statistics computed thus far show different
patterns in various conditions (e.g., during sleep versus wake state, etc.) and may vary
with the specific subject and type of seizure, thus resulting less predictable. These
limitations, however, can be addressed in our model-based approach by increasing the
number of combined channels and computing simple measures off of large enough
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matrices. In particular, more information about the brain network can be derived and
both spatial and temporal features can be included in the same model [75].
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Chapter 7
Model Reduction of Genetic-Metabolic

Networks via Time Scale Separation

Juan Kuntz, Diego Oyarziin and Guy-Bart Stan

Abstract Model reduction techniques often prove indispensable in the analysis of
physical and biological phenomena. A succesful reduction technique can substan-
tially simplify a model while retaining all of its pertinent features. In metabolic
networks, metabolites evolve on much shorter time scales than the catalytic enzymes.
In this chapter, we exploit this discrepancy to justify the reduction via time scale
separation of a class of models of metabolic networks under genetic regulation. We
formalise the concept of a metabolic network and employ Tikhonov’s Theorem for
singularly perturbed systems. We demonstrate the applicability of our result by using
it to address a problem in metabolic engineering: the genetic control of branched
metabolic pathways. We conclude by providing guidelines on how to generalise our
result to larger classes of networks.

Keywords Time scale separation + Model reduction * Genetic-metabolic networks

7.1 Introduction

Biological systems often display large discrepancies in the speed at which different
processes occur. In such cases, time scale separation is frequently employed to reduce
ordinary differential equation (ODE) models of biological phenomena. A classical
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example is found in enzyme kinetics [19], whereby the difference between the speed
of substrate-enzyme binding and product formation is explicitly used to derive the
Michaelis—Menten kinetics.

Another discrepancy is found in genetic-metabolic systems prominent in the field
of Metabolic Engineering. These systems describe networks of enzymatic reactions
where the concentrations of the catalytic enzymes are dynamically regulated by gene
expression. Metabolic reactions occur at rates in the order of seconds or less, while
gene expression usually takes between minutes and hours to complete [12]. For this
reason, the reduction of models of metabolic networks under genetic control by time
scale separation is sometimes used as a stepping stone in the analysis of such models
(e.g., [2, 16]). However, the justification behind these reductions is typically limited
to qualitative arguments discussing the discrepancy in speed between metabolic and
genetic processes. Unfortunately, these arguments sometimes are not sufficient and
the reduced model generated does not behave at all like the original (e.g., see [6] for
a discussion regarding several models of metabolic networks for which the reduction
fails).

In this chapter, we provide sufficient conditions under which reduction via time
scale separation of models of metabolic networks under genetic control can confi-
dently be carried out. In Sect. 7.2 we introduce some notation to describe a general
class of ODE models of metabolic networks under genetic regulation. In addition,
we make certain assumptions on the dynamics of the metabolites. In Sect. 7.3 first
we introduce the main ideas behind time scale separation and we consider networks
in which the enzyme concentrations are fixed. Then, we present our results regarding
the validity of time scale separation as a model reduction tool for metabolic networks.
In Sect. 7.4 we conclude the chapter by discussing the plausibility of the assumptions
we made throughout the text and the applicability of our results. We illustrate the
concepts discussed in the chapter by applying tthem to the Metabolic Engineering
problem presented in Box 7.1.

Box 7.1: Genetic control of a branched metabolic network

The control of metabolic activity of microbes is a long standing problem of
the field of Metabolic Engineering. It encompasses the genetic modification of
a host organism and its metabolism to optimise or even artificially induce the
organism’s production of a chemical compound that is of commercial value,
e.g., pharmaceuticals, fuels, commodity chemicals, etc., see [25] and references
therein. Often, this consists of two steps. First, the selection of a well studied
microbial organism as a host (e.g., E. coli and S. cerevisae) with some native
metabolite that is a precursor to the chemical of interest. Second, the genetic
modification of the microbe so that it expresses the enzymes that catalyse the
reactions which convert the precursor into the desired molecule [13].
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We study a simple instance of the above scenario. Consider the native metabolic
pathway in Fig. 7.1a, which converts metabolite 1 into metabolite 3. Suppose
that metabolite 2 is a precursor to a chemical of interest, metabolite 4. Suppose
that we can design a plasmid that contains the gene coding for enzyme e,
which catalyses the reaction that converts metabolite 2 into metabolite 4 which
diffuses across the cell membrane. Since the host requires metabolite 3 to live
and grow, we would like to maximise the production of metabolite 4, without
greatly disrupting that of metabolite 3. The question now becomes when and
how should e be expressed so that these goals are met.

Consider implementing the controller architecture in Fig. 7.1b. Roughly,
if there is an excess of 3, indicating that it is safe to divert resources to the
production of 4, then the controller activates the expression of e, which leads
to an increase in the rate of the branch reaction. The branch reaction consumes
2 and, by lowering the concentration of 2, causes a decrease in the production
of 3. This drop in production contributes to driving the concentration of 3 back
to normal levels. If, on the contrary, the concentration of 3 is initially low, then
expression of e drops and the branch shuts off. In this fashion, 2 is exclusively
converted into 3, potentially restoring the concentration of 3 to normal levels.

One could describe the above scenario using a model consisting of five
ODEs, one of them describing the dynamics of the enzyme concentration
and the other four describing the dynamics of the metabolite concentrations.
Coarsely, model reductions employing time scale separation consist of group-
ing model variables into ‘slow’ variables and ‘fast’ variables and then neglect-
ing the dynamics of the fast ones. In our case this grouping would naturally be
the four metabolites as the ‘fast’ variables and the enzyme as the ‘slow’ vari-
ables. Thus, if applicable, the reduction would permit us to draw conclusions
on the behaviour of the network by studying a 1-dimensional model instead of
a 5 dimensional model. This would be highly desirable given that the analy-
sis of a 1 dimensional model is straightforward while that of a 5-dimensional
model can be exceedingly complicated [8].

7.2 Models for Metabolic Reactions Under Genetic Control

Suppose we have a network of n metabolites and m irreversible enzymatic reactions
each of which converts a single metabolite into another. Consider the model for the
network under genetic regulation

$(t) = f(s(r),e®)), s(0) =so, (7.1a)
e(t) = g(s(t), e(r)), e(0) = e, (7.1b)
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(a) (b)
1 2 3 1 2 3
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l st
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Fig. 7.1 Control of a branched metabolic pathway. a The native pathway (black) converts metabo-
lite 1 into metabolite 3. The synthetic ‘branch’ (green) converts the native intermediate, metabolite 2,
into a valuable chemical, metabolite 4, and exports it outside the cell. b It is possible to implement
positive feedback from metabolite 3 to the reaction that converts metabolite 2 into 4 by design-
ing a plasmid coding for the enzyme e, whose expression is activated by high concentrations of
metabolite 3

@

A——>B
Fig. 7.2 An irreversible, enzymatic reaction. The reaction converts metabolite A into metabolite

B at arate v(s4, ¢) which depends exclusively on the concentration of the reactant, s4, and that of
the catalysing enzyme, e

where s denotes the vector of concentrations of the metabolites and e denotes the
vector of concentrations of the enzymes catalysing the m reactions in the network. The
metabolite dynamics, f(-), are defined by the rate at which the reactions consume
and produce the different metabolites. The enzyme dynamics, g(-), model all the
processes involved in enzyme synthesis and degradation.

In this section, we discuss what model (7.1a, 7.1b) represents and make certain
assumptions about it. We begin by discussing the kinetics of individual enzymatic
reactions. Next, we construct the metabolite dynamics (7.1a) from first principles.
We conclude by briefly discussing the enzyme dynamics (7.1b).

7.2.1 Enzyme Kinetics

We consider irreversible enzymatic reactions

like the one shown in Fig. 7.2. The reaction converts a single reactant A into a single
product B. The rate at which the reaction occurs, v(s4, €), depends exclusively on
the concentration of the reactant, s 4, and the concentration of the catalysing enzyme,
e.

Assumption 1 The reaction rate, v(s4, ), is smooth and globally Lipschitz contin-
uous. For any given constant enzyme concentration e > 0, we assume that v(-, e) is
bounded, that
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a )
Weae) oy, £0,
3SA

and that v(-, e) is positive definite, that is,
v(0,e) =0, v(sa,e) >0, Vs; #0.
We denote its least upper bound with

lim v(sa,e) = v(e).
SA—>+00

At a network level we need to distinguish between different reactions. To do this,
we write v4_, p and e 4, p to refer to the rate and the concentration of the catalysing
enzyme of the reaction with reactant A and product B.

Our assumptions on the kinetics are satisfied by a wide range enzyme kinetics
proposed in the literature [3] (e.g., Michaelis—Menten and Hill type kinetics). Essen-
tially, they state that:

e (Positive definite) If there are no reactant molecules present, the reaction rate is
zero. If there are some reactant and some enzyme molecules present, the reaction
rate is non-zero.

e (Strictly increasing) If there are some enzyme molecules present, then the more
reactant molecules present, the faster the reaction rate.

e (Bounded) Enzymes have a limited number of active sites that reactants can bind
to. Thus, given a fixed number of enzyme molecules, the reaction rate cannot
exceed the maximum rate achieved when all the enzymes’ active sites are bound
by the reactants.

Implicit in our definition of the reaction rates is the assumption that they are time
invariant. It is well known that the rate of a reaction depends on the temperature and
pressure of the medium in which the reaction is taking place. Hence, assuming time
invariance of the reaction kinetics is equivalent to assuming that the cytoplasm can
be approximated to be isobaric and isothermal. This is a common assumption in the
literature on ODE models of biochemical reactions [3, 7].

7.2.2 Metabolic Model

Assuming that the cytoplasm may be approximated to be an isovolumetric and
spatially homogeneous medium [7], the law of mass balance applied to the con-
centration of metabolite number i yields

$i(1) = Pi() — Ci(1) + 1; (1) — E;(1), (1.2)
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Fig. 7.3 Acyclicity in (a) B—>D (b) B——>C
networks. a The network / / \\

is acyclic. b The network is

not acyclic; A, B, D, F form A A D > E
acycle o 5 \ /

F

where P; denotes the rate at which s; is produced by the considered genetic-metabolic
network, C; the rate at which s; is consumed by the network, /; the rate at which
s; enters the network from outside and E; the rate at which s; leaves the network.
From now on, we use the convention v;_, ; = 0 if there is no reaction that converts
metabolite i into j.

A metabolite is produced (consumed) by the reactions of which it is the product
(reactant). We limit our attention to networks whose metabolites can be ordered in
such a way that the following condition is satisfied.

Condition 1 Forany i, if j > i thenv;_,; = 0. In other words, metabolite i is not
the product of any reaction whose reactant is metabolite i + 1,1 + 2, ..., n.

Condition 1 has a simple graphical interpretation. Consider the directed graph
whose vertices represent the metabolites and whose edges represent the transfer of
mass (via reactions) from one metabolite to another. Condition 1 is equivalent to the
graph being acyclic, that is, starting at any given vertex one cannot return to that
same vertex by following the edges, see Fig. 7.3. Examples of such networks can be
found in the amino acid biosynthesis pathways of E. coli [24].

Let N, ;_ ;j denote the stoichiometric coefficient of i in reaction i — j, that is,
the number of molecules of i involved in reaction i — j. If Condition 1 holds, we
can write the rates of production as

i—1
Pl(t) = 07 Pl(t) ::ZNZ,]QZVJ—)l(sjae‘]%l)a i=273a"'7n7 (7'3)
j=1

and the rates of consumption as

n
Ca(0) =0, Ci():= D Nijmjvisj(siveim)). i=12,....n—1 (14
j=i+1

Assumption 2 The import rates are constant, /;(¢) := I; > 0V i. The export rate
of a metabolite i, if it exists, is a smooth, globally Lipschitz continuous, positive
definite, bounded function of its concentration such that

OE;(s;)

>0, Vs; #0.
8S,’
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We denote its least upper bound with

lim E;(s;) = E; Vs; #0.
§i —>+00

One can use the import and export rates to model a variety of phenomena. For
instance, they may represent the rates at which the metabolites flow in and out of
the cell. Or the rates at which the metabolites are consumed/produced by other
metabolic pathways inside the cell. Additionally, one may use the export rates to
circumvent the isovolumetric assumption and model dilution. In any of these cases
the physical interpretations of Assumption 2 are similar to those we made regarding
the assumptions on the enzyme kinetics (Assumption 1). In addition, assumptions of
the type of Assumption 2 are common in the systems biology literature (for example,
see [4, 17]) and for this reason we shall not discuss them any further.

We can now rewrite the metabolite dynamics, f (s, ¢), in the model (7.1a, 7.1b)
as

n
sp =11 — E1(s1) — ZN1,1—>jV1j(S1, e1=)s
i=2
i1
Si=1Ii+ D Nijoivisi(sj.eji)
Jj=1

n
— Ei(si) — Z Niisjvisj(siveisj), i=2,3,...,n—1, (7.5)
j=itl
n—1
Sp =1 + ZNn,j—szj—Nl(sja ej—m) — En(sn).
Jj=1

Box 7.2: Metabolic model

In our example network we assume that all reactions follow Michaelis-
Menten kinetics
kear151 kear2S2 kear3s2

Vi) = —————€]52, V353 = ——————€353, V254 = —————€) 4.
Ky + 51 ' Kyo + 52 ' Kyz + 52

It is straightforward to verify that Michaelis—Menten kinetics satisfy Assump-
tion 1, see Fig. 7.4.
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Fig. 7.4 Michaelis Menten v(s, e) 0(e) = keate

kinetics. The kinetics are [ 777777T om0
strictly increasing, positive
definite and bounded

1
skeatf -

The network in Fig. 7.1 has a single import rate, /; and two export rates, E3
and E4. We assume that the export rates may also be described by Michaelis—
Menten functions
E3S3 E4S4
Ez3i=——"—, E4:=—"—".
Ko3 + 53 Ko4 + 54

Hence, we obtain the metabolite dynamics

. kear151
S1=1) ——e¢ , 7.6a
1 1 Kop 4 o1 1-2 (7.6a)
. kcar151 kcar282 kear3s2
= — — ey 3 — —————er .4, 7.6b
2 Ky -l-S1el_)2 KM2+5262 ’ KM3+S262 * (7o)
k E
fy= B gy (7.60)
Ko + 52 Ko3 + 53
k E
e cat3S2 484 (76d)

———e g — .
Kys + 52 Kos+ 54

From Fig. 7.1a it is easy to see that our network satisfies Condition 1, i.e., it
is acyclic. To simplify future computations, we choose keqri = kear = 32 s—L
Kyi = Ky = 4.7 pMs™! Vi and ej.» = er_,3 = ey = 200 nM. These
values are representative of reactions in the tryptophan pathway (extracted
from the BRENDA database [18], EC number 5.3.1.24). We also assume that
E3 = E4 = kcaren, Koz = Ko4 = Ky and use the shorthand e := ep_. 4.

7.2.3 Enzymatic Model

The enzyme dynamics, g(-), are a lumped representation of all the processes
involved in enzyme synthesis and removal. Synthesis encompasses the transcription
of genes encoding the enzymes by RNA polymerases into mRNA strands and the
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Fig. 7.5 The implementation of feedback via promoter design. a Metabolite 3 induces a confor-
mation change on the transcription factor, which then binds to the promoter of the gene coding for
e and activates its expression. b Hill functions with different Hill coefficients, note that their range
is [0, 1), hence ko + k| represent the maximum rate of expression of e

translation of these by ribosomes into proteins that later fold into the actual
enzyme. Most enzyme—enzyme and metabolite—enzyme interactions occur in syn-
thesis, specifically in transcription. In particular, metabolites often act as, or acti-
vate/deactivate transcription factors that inhibit or activate the transcription of genes
coding for other enzymes. Removal typically, includes enzyme degradation by the
cell and dilution due to cell growth.

To keep this exposition general, we shall not define the function g(-) explicitly.
We will only make the following minimal assumptions.

Assumption 3 The enzymes dynamics g(-) are smooth and globally Lipschitz con-
tinuous.

Enzyme degradation and dilution are typically modelled as linear functions of the
enzyme concentration [1]. Synthesis is usually modelled as the sum of a constant (or
basal) expression rate a set of sigmoids (e.g., Hill functions) representing the activat-
ing or repressing effects of the transcription factors on the enzyme expression [2, 14,
15]. These are all smooth and globally Lipschitz continuous functions. The enzyme
dynamics, g(-), are a linear combination of these and, thus, are also a smooth and
globally Lipschitz continuous. For this reason, Assumption 3 holds for a significant
portion of the models presented in the literature.

Box 7.3: Enzymatic model

Consider the controller for the branched metabolic pathway discussed in Box
7.1. Implementing such a controller can be achieved, for example, by designing
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the promoter of the gene coding for e such that 3 binds to some transcription
factor that activates the transcription of e, see Fig. 7.5a. We model the expres-
sion of the branch enzyme e as

xh

oA .7

e =ko+kio(s3) —ye, ox):=

This model comes from the balance between protein synthesis and degrada-
tion. We consider a first order removal process with kinetic constant y, which
accounts for the aggregate effect of degradation and dilution by cell growth
[1]. The synthesis term, ko + k10 (s3), describes both transcription and trans-
lation of e. The parameter ky represents the leaky expression of the enzyme
that occurs regardless whether the gene is activated or repressed, while k| rep-
resents the compound effect of transcription and translation when the gene
is fully expressed. The function o (-) takes values in [0, 1) and depends on
the specific molecular mechanisms underlying the interactions both between
metabolite 3 and the transcription factor and those between the transcription
factor and the promoter of the gene coding for the enzyme. Typically, these
types of interactions are modelled as sigmoidal (or Hill) functions [2, 15], see
Fig. 7.5b.

Following [15], we chose the parameter values kg = 0.03 nM, k1 = 100k,
y=2x10"*s"1,§ =02pMand h = 2.

7.3 Model Reduction via Time Scale Separation

In this section we present our results regarding time scale separation in genetic-
metabolic systems. We first consider the behaviour of metabolic networks when the
enzyme concentrations are kept fixed in time. There are two reasons behind this.
First, it is a prerequisite of the time scale separation results regarding networks with
varying enzyme concentrations. Second, the study itself is instructive with regard
to understanding the behaviour of the networks. After this, we introduce abstractly
the main ideas of time scale separation and give our results justifying the time scale
separation based reduction of the networks.

7.3.1 Metabolic Networks with Constant Enzyme Concentrations

Suppose that the enzyme concentrations are positive constants, i.e., e(t) = e € R”.
We find it convenient to rewrite (7.5) as
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5;=gi(s1,...,8-1,e) —hi(s;,e), i=1,2,...,n, (7.8)

where g1 := I,

i1
gi(st,...,8-1,e) =1 + ZNi,j»iVj»i(Sj, eji), i=2,3,...,n,
Jj=1

and h,(sp) := E,.(sy),

n
hi(si,e) == E;(s;) + Z Niiosjviesj(siveisj), i=1,2,...,n—1.
=it

The function g; () > 0 represents the total rate of increase (via both import and
production) of the concentration of metabolite i. Similarly, the function A;(-) > 0
represents the total rate of decrease (via both export and consumption) of the concen-
tration of metabolite i. To avoid pathological scenarios in which the concentration
of a given metabolite grows unbounded because there is no process that removes the
metabolite, we impose the following condition.

Condition 2 Every metabolite has at least one reaction that consumes it, or it has
a non-trivial export term. In other words, for all i, E; # 0 or there exists a j such
that v ; # 0. Thus, h; # 0 for all i.

The non-zero E; and v;_, ; functions (if they exist, and Condition 2 ensures at
least one does exists foralli = 1,2, ..., n) are bounded, strictly increasing, positive
definite functions of s;. Hence, h;, which is a sum of these functions, is also positive
definite and strictly increasing with s; and it maps from Rx¢ to [0, fzi (e)), where

n
hie) :=Ei+ D Niiwjbinjleis)).
j=i+1
We now examine the conditions under which system (7.8) an equilibrium 5. By
definition, g; = I} > 0, thus §; = 0 implies

hi(s1,e) = 1.

This equation has a solution if and only if the /; is in the range of the function
h1(s1, e). In other words, we require ﬁl (e) > Iy. In addition, h(sy, e) is a strictly
increasing function of sy, thus if a solution exists it is unique. Now, if we assume
that 51, ..., §;— exist, then s; = 0 implies

hi(si,e) = gi(S1,...,5i—1,e).
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Similarly as before, the equation has a solution if and only if the constant
gi(s1,...,8—1,e) is in the range of the function h;(s;,e), i.e., if fz,-(e) >
gi (51,52, ...,5i—1, e). In addition, h;(5;, e) is a strictly increasing function of s;,
Hence if a solution exists it is unique.

Thus, by induction, an equilibrium exists if and only if the following condition is
satisfied.

Condition 3 The vector of constant enzymes e is such that ﬁ,- (e) > gi(S1, ..., 8i-1,
eVi=1,2,...,n

Furthermore, by monotonicity of the A;s, if the equilibrium exists it is unique.

Condition 3 is important and has an intuitive interpretation. Regard the metabolites
in the network as large water tanks, their concentrations as the water level in the tanks,
the reactions as pipes connecting the tanks and the reaction rates as the rate of flow
of water through the pipes. In this context, the enzymes may be regarded as valves
whose concentrations modulate the resistance to flow through them. Then g; (-) may
be interpreted as the rate at which water enters the ith tank through the incoming pipes
and h; (+) as the rate at which it leaves through the outgoing pipes. The monotonicity
of h; can be interpreted as ‘the more volume of water in the tank, the greater the
water pressure and thus the bigger the rate at which the water is pushed out of the
tank through the outgoing pipes’. Condition 3 simply ensures that the outgoing pipes
are ‘sufficiently large’ in the sense that the maximum rate at which water can escape
the tank is higher than the equilibrium rate at which water enters.

Condition 1, that the network is acyclic, implies that there is no chain of reac-
tions that convert metabolite i into metabolites 1, 2, ..., i — 1. Thus, if metabolites
1,2,...,i—1 are at their equilibrium concentrations, they will remain there forever
irrespective of what is happening to the concentrations of metabolites i, i 41, .. ., n.
So, if Condition 3 does not hold for a given metabolite i and metabolites 1, 2, ..., i—1
are at their equilibrium concentrations, then metabolite i will simply accumulate and
its concentration will grow unbounded.

Box 7.4: Network fluxes
Consider Condition 3 applied to the network in Fig. 7.1a

Vis2(en) > I, 123(en) + D24(e) > vi2(51, en),

E3 > v3,3(52,en),  E4 > v254(52, €).

By definition, all the reaction rates are non-negative, so vo_3(ey) +024(e) >
U2—3(en). Also note that because § is an equilibrium

I = v152(51, en) = 1253(52, ey) + vV254(52, ).

In Box 7.2 we assumed that
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V12(en) = Vo 3(ey) = E3 = E4 = kearen.

So, Condition 3 is satisfied for any postive enzyme concentration, that is e €
(0, 400), if and only if kcqgreny > 1.

It can be shown that the fulfilment of Condition 3 does not just imply that the
network has a unique equilibrium, it also implies that the equilibrium is stable.

Lemma 1 Assume that the metabolic network is such that Conditions I and 2 are
satisfied and Assumptions 1 and 2 hold. If the enzyme concentrations are fixed in time
at some value such that Condition 3 is satisfied, then (7.8) has a unique equilibrium
which is globally asymptotically stable.

The proof of the above lemma can be found in Appendix 2.

7.3.2 Time Scale Separation
Time scale separation is applicable to systems that can be written as

ez = f(x,2), z(0) =z (7.9a)
x=gx,z), x(0)=xg (7.9b)

where the components of f:R” x R" — R", g:R" x R" — R™ are in the same
order of magnitude for all (x,z) € R"™ and 0 < & < 1 is a small positive real
number. The characterising feature of these systems is that the dynamics of some of
the state variables (z) are multiple orders of magnitude faster than those the other
state variables (x), i.e., Z = f(x, z)/e > g(x, z) = x. Suppose that during a small
interval of time within which the value of the slow variables (x) remain approximately
constant, the fast variables (z), which are evolving hundreds/thousands times faster,
reach some steady state or guasi-steady state. If we assume that the dynamics of the
variables z reach this steady-state very quickly (almost instantaneously at the time
scale of the slow variables x), then we can assume that, at the time scale of the slow
variables x, z = 0 or, equivalently, that

fx,z2) =0.

Suppose that the above has a unique root z = ¢ (x), i.e., f(x, ¢(x)) = 0 for all x.
Then, at the time scale of the slow variables x, one can focus on studying the reduced
dynamical system

(x,9(x)), x(0) =xo0 (7.10a)

x=g
Z=), (7.10b)
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instead of the original system (7.9).

Notice that in contrast with the fast variable z of the original system (7.9), which
starts at time O from a given z, the fast variable z of the reduced system (7.10) is not
free to start from zo and there may be a large discrepancy between its initial value,
¢ (x0), and z¢. Thus, there must at least be a short period of time where the behaviour
of reduced system does not approximate well that of the complete system.

Before carrying out the above reduction, we need to address a number of out-
standing issues. For instance, does a quasi-steady state exist? Is it unique? If not,
which quasi-steady state should be used in the reduction? Do the fast variables of
the complete system always tend to their quasi-steady state?

Theorem 2 (in the appendix), known as Tikhonov’s Theorem, partly answers these
questions by providing sufficiency conditions under which the behaviour of the
original system (7.9) is well approximated by that of the reduced system (7.10).
More specifically, if its assumptions are satisfied, Tikhonov’s Theorem ensures
that after some period of time of order ¢ In(1/¢), during which the initial discrep-
ancy between z and z dies out, the norm difference between the trajectory of the
complete system (7.9) and that of the reduced system (7.10) remains of order ¢
and no more.

7.3.3 Sufficiency Conditions for Time Scale Separation

To be able to state our results regarding time scale separation in genetic-metabolic
systems, we must first re-write the network model (7.1a, 7.1b) in the same form
as (7.9). Usually, this involves some, possibly complicated, change of variables.
However, in the case of genetic-metabolic networks this is not necessary; the ‘fast’
variables are the metabolite concentrations while the ‘slow’ variables are the enzyme
concentrations. Thus all that must be done is to scale the variables so that the new
metabolite dynamics, f(-), and the enzyme dynamics, g(-), are of the same order of
magnitude and all the normalising constants are grouped into a parameter & multi-
plying s. A systematic way to do this is to non-dimensionalise the network model
(7.1a, 7.1b), which consists of performing a set of variable substitutions such that
the new variables have no physical dimensions associated with them [11].

Box 7.5: Non-dimensionlisation

Consider substituting the variables of our network model (Egs. (7.6) in
Box 7.2 and (7.7) in Box 7.3) with

ko +k
7= —, X:= i, Ti=yt, e:= ot 1. (7.11)
e Y
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Notice that the new variables (x, z) have no physical units associated with
them. After re-arranging we get

dzj ~ Z1
— =1 — 7.12
S 1+z1 (7.122)
d .
G _ .  » e wx (7.12b)
dt l+z1 1+4+2z20 evl+2
d
B2 B (7.12¢)
dt 14+2z2 1+42z3
dza e ox 24
e— = — — 7.12d
dt enl+z0 14+z4 ( )
dx ko ko,
— = — 7.12e
dt ko + k; +k()+kla (z3) —x ( )

e, 0*(23) == 0 (Kyzz) and e = £ 4L ~ 1.5 x 1074,

here [ =
where kearen

‘We can now state our results regarding time scale separation in metabolic networks
under genetic regulation. The proofs for the following lemma and theorem may be
found in Appendix 2.

Lemma 2 Suppose that (7.1a, 7.1b) is such that Conditions 1, 2 and Assumptions
1-3 hold. Consider a non-dimensionalised version of (7.1a, 7.1b)

es(t) = f(s(0), e)), s(0)=s0
et) = g(s1), e(r)), e(0) =eo

(7.132)
(7.13b)

Then, the unique solution of (7.13), [s (1) e(t)]T, exists for all t > 0. In addition, let
A denote the subset of R, whose elements are such that Condition 3 holds. There
exists a unique function ¢: A — R" such that f(¢(e),e) = 0 foralle € A. In
addition, ¢ (-) is continuously differentiable. Consider the reduced system

e(t) = g(¢(e(r)), e(t)), () = eo. (7.14)

Suppose that there exists a compact set B C A that is forward invariant with respect
to (7.14). Then, if ey € B, (7.14) has a unique solution e(t) € B for all t > 0.

Theorem 1 Suppose that the assumptions of Lemma 2 are satisfied and that e € B.
Then, for any finite time T > 0
e(ty=-e(t)+ O(e) (7.15)

holds for all t € [0, T and there exists a time t; > 0, O(e1n(1/¢)), such that
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s(t) =5() + O(e), (7.16)

where 5(t) := ¢ (&(t)), holds for all t € [t1, T].

Box 7.6: Model Reduction

As discussed in Box 7.4, Condition 3 is satisfied for all values of e € (0, +00),
or equivalently x € (0, 400), if and only if I < 1. Suppose that this is so and
define A := (0, +00). Then, for any x € A, the non-dimensionalised model
(7.12) has the unique root

I I Z;__
#1) = . ¢2(X)=¢3(x)=%T1_I~’ MO =T T

S =

Thus, the reduced model is given by

ko 1
+
ko +ki ko +k

x= 0¥ (¢3(X)) — %, Z=¢(X). (7.17)
To satisfy the premise of Theorem 1, and thus justify the reduction, all that
remains to be done is to find a compact subset of A that is forward invariant
with respect to (7.17). Given that o (x)* € [0, 1) for all x € [0, +00) we have
that

ko

—i<i<l-x. 7.18
ko + k1 - (7.18)

From the above it is straightforward to see that [,kaOkl, 1] is a compact subset of

A that is forward invariant with respect to (7.17). Suppose that xg € [kokTOk] , 11,

or, equivalently, ep € [’%, M]. Then, using the substitutions in (7.11), The-

orem 1 implies that the norm of the difference between the enzyme trajectory
of the our original model (7.6), (7.7) and that of the reduced model (7.17) will
be of order 0.037 nM and that, after a short period of time (of order 1.3 ms),
the norm of the difference between metabolite trajectory of both models will
be of order 0.69 nM, see Fig. 7.6.

The main benefit of carrying out this reduction, is that it can often be considerably
easier to extract analytical results from the lower dimensional reduced model than
from the higher dimensional original model. This is particularly obvious in our
example given that in Box 7.6 we reduced a 5-dimensional model to a 1-dimensional
model.
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Fig.7.6 Model reduction. The plots were generated using MATLAB and show the first few seconds
of a simulation of a single trajectory of both the original and reduced models, (7.17) and (7.12),
respectively. These were generated using I} = %km,eN (thus fl = kra{fN = 1/2 < 1). a The
trajectory of the metabolites of the complete model (solid lines) converges rapidly to that of the
reduced model (dashed lines). b The trajectory of the enzyme of the complete model remains a

fraction of a nano molar away from that of the reduced model

Box 7.7: Global stability of the reduced model

The dynamics of the reduced system (7.17), g(x, ¢ (x)), is a strictly decreasing
function of x. This follows from the fact that ¢3 is a decreasing function of its
argument while o* is an increasing function of its argument. So o* (¢3(x)) is
a decreasing function of x. In addition, due to inequality (7.18), g(0, ¢ (0)) >
koljl(‘)kl > 0 and g(1, ¢(1)) < 0. This, together with the fact that g(¢(x), x)
is a continuous function of x implies that the reduced model has a unique
equilibrium X, € [0, 1]. Lastly, the reduced model is a 1 dimensional system,
hence, the fact that g (x, ¢ (x)) is strictly decreasing in x, implies that the unique
equilibrium is globally asymptotically stable, see Fig. 7.7.

In conclusion, such a controller architecture ensures that the network has
a unique steady state to which the concentrations of the metabolites and of
the enzyme always tend to, regardless of initial their values. In addition, by
modifying the promoter parameters (in particular, the basal expression kp and
promoter strength k1) one can move the steady state to a more desirable location
(e.g., maximise the steady state concentrations of metabolite 4 while keeping
that of metabolite 3 above a prescribed minimum value). It is also worth men-
tioning, that one can replicate the above analysis to design a controller for
branched metabolic networks with arbitrarily long main pathway and branch.
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Fig. 7.7 Global stability. a Concentration of metabolite 3 versus time. (a Inset) After a
rapid transient, the initial metabolite concentrations become irrelevant; the metabolites quickly
reach their quasi-steady state that depends exclusively on the value of the enzyme concentrations.
b Concentration of the branch enzyme versus time. Four trajectories with different initial conditions
are plotted alongside the equilibrium (black, dashed). All trajectories converge to the equilibrium.
If the initial enzyme concentration is higher than its equilibrium value (as it is the case for the dark
blue and green trajectories), the branch drains resources away from the native pathway depleting
the concentration of metabolite 2 and, as a consequence, that of metabolite 3 too. The drop in
concentration of 3 is detected by the genetic controller and the expression of the branch enzyme is
repressed. This causes the enzyme concentration to return back to its equilibrium level, and that of
metabolites 2 and 3 to return back to theirs

7.4 Discussion

In this chapter, we exploited the discrepancy in the speeds at which metabolic reac-
tions and gene expression occur to justify the reduction of genetic-metabolic networks
via time scale separation. If applicable, time scale separation reduces a model with n
‘fast’ variables and m ‘slow’ variables to one with just the m ‘slow’ variables. Such a
model reduction can have strong benefits with regards to obtaining analytical results
on the model (e.g., see [2, 16]).

The framework we use to describe genetic-metabolic systems is flexible. The
assumptions made on the enzyme kinetics are minimal and are satisfied by a wide
collection of kinetics models employed in the literature [3]. Furthermore, we make
few assumptions regarding the ODEs describing the enzyme dynamics. Thus, we
allow for a wide range of models for enzyme expression, with the notable exception
of switch like models occasionally employed, e.g., [16]. However, our framework
has some important drawbacks that can limit the applicability of Theorem 1.

First, we deal only with enzymatic reactions, i.e., reactions catalysed by an
enzyme. Although many reactions involved in cellular metabolism are enzymatic
reactions [3], there are also some that are not. This is not too hard to overcome; if
non-enzymatic reactions are included in the network, then, following an approach
nearly identical to that discussed in this chapter, one can obtain similar results regard-
ing the validity of time scale separation.

Implicitin our framework is the assumption that each reaction has a single reactant.
One could potentially include reactions with multiple reactants by following the
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example set by Jackson, Horn and Feinberg and in their work on chemical reaction
network theory (CNRT) [5]. They introduce the idea of chemical complexes, separate
from chemical species (what we refer to as ‘metabolites’). For example, if one has
the reaction A + 2B — C, A, B and C are the chemical species involved in the
reaction and A 4+ 2B and C are the chemical complexes.

Another subtle but important issue is that the enzyme kinetics our framework
is aimed for (e.g., Michaelis Menten, Hill type functions, etc.) are, themselves, the
outcome of a previous reduction involving a quasi-steady state approximation. Key
to these reductions is the assumption that the enzyme concentrations are constant.
Although this is not the case in the type of models we are examining, where the
enzyme concentrations are modelled as dynamic variables, there has recently been
some progress in showing that these reductions are also valid if the enzyme concen-
trations vary, see [10].

The applicability of our results to the class of genetic-metabolic systems we
consider has two main limitations. The first is that to carry out the reduction, one
must show that the premise of Theorem 1 is satisfied. The second is that our results
are only applicable to acyclic networks, i.e., networks that satisfy Condition 1. The
former is not as much of a hindrance as one expects it to be; the enzyme dynamics,
often, are such that the premise of Theorem 1 is not hard to satisfy. The later is
more serious, in particular because it rules out networks with reversible reactions.
However, one can build on our current result to construct a more general one for the
case of certain non-acyclic networks, e.g., ones that include reversible reactions.

To apply our result, one must first be able to find a compact subset of the set of
all enzyme concentrations such that Condition 3 is satisfied, that is forward invariant
with respect to the reduced model (7.14). Often, in models for enzyme dynamics,
the differential equation describing the evolution of an individual enzyme is coupled
to the metabolites and other enzymes via saturable functions [2, 14, 15]. Hence,
one can often extract certain differential inequalities regarding the time evolution
of individual enzymes that are decoupled from the other metabolites and enzymes.
These can then be used to find the desired forward invariant regions. Indeed, this is
exactly what we did in our example network, see Box 7.6.

The requirement that the network must be acyclic, i.e., that it satisfies Condition
(1),1s alimitation. This is especially true because it rules out networks with reversible
reactions. However, if one is willing to impose some more conservative inequalities
than those in Condition 3, it is straightforward to extend the result to a significantly
more general class of networks.

Our proof for the acyclic case consists of showing that the metabolite dynam-
ics, s = f(s,e), are such that the premise of Tikhonov’s Theorem (Theorem 2)
is satisfied. In particular, we show that for any fixed enzyme vector e € R the
system § = f (s, e) has globally asymptotically stable equilibrium. To do this, we
use the fact that the network is acyclic to decompose the system s = f (s, e) into
a series of interconnected 1 dimensional subsystems, or blocks, such that the input
the ith subsystem comes only from the previous i — 1 systems. We then prove cer-
tain properties about these subsystems (essentially that they are converging input
converging state (CICS)) and use these to establish properties about the complete
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system required to satisfy the theorem’s premise. However, there is no reason why to
only use 1-dimensional subsystems other than that it is easier to show that they are
CICS. If one can show that larger blocks, e.g., a 2-dimensional block representing
a reversible reaction, are also CICS then the result would be almost immediate for
‘block-acyclic’ networks containing a mixture of 1 dimensional irreversible reaction
blocks and larger blocks. Indeed, by imposing stronger inequalities than those in
Condition 3, it is straightforward to show that much more general blocks are CICS,
e.g., chains of reversible reactions and loops of irreversible reactions. However, to
simplify this exposition we limit ourselves to the acyclic case. Strictly speaking, to
satisfy the premise of Tikhonov’s Theorem, one must also show that the eigenvalues
of the Jacobian of s = f (s, e) all have negative real parts. This can be done easily
because the network being acyclic implies that the Jacobian is triangular. If one con-
siders a block acyclic network then the Jacobian will be block triangular. All that
one needs to show in this case is that the eigenvalues of the Jacobian of each of the
blocks have negative real parts.

Aninteresting alternative would be to attempt to use the existing CNRT machinery,
specifically the Deficiency Zero Theorem [5], to re-derive and potentially extend our
results, at least to networks with mass-action kinetics.
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Appendix

In the appendices we assume that the reader has some familiarity with non-linear
systems theory. Specifically, we assume that the reader is comfortable with the var-
ious notions of stability of equilibria, Lyapunov functions and the existence and
uniqueness results. If not, we refer the reader to the excellent text [8].

We begin by presenting Tikhonov’s Theorem over finite time intervals and some
related results. Next, we discuss the notion of converging input converging state
systems. Lastly, we employ the previous two to prove Lemmas 1 and 2 and Theorem 1.

Throughout the appendices we use II-Il to denote any vector norm.

A: Tikhonov’s Theorem

As discussed in the main text, a method for dimensionality reduction of non-linear
systems is time scale separation. This is applicable to systems whose state variables
exhibit large differences in the ‘speed’ of their time responses. Core to time scale
separation is the following result first proved by Tikhonov 60 years ago [21, 22].
The version of it presented here is not the original version by Tikhonov, but instead
the version published by Vasil’eva in 1963, which we find easier to work with.
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Theorem 2 [9, 23] Let f:R" x R"x — R" and g:R" x R™ — R™ both be
smooth functions. Consider the system

ez(t) = f(x(1),z(t)), z(0)=zp, z€eR", (7.19a)
x(t) = g(x(@),z(1), x©0)=x9, xeR", (7.19b)

where ¢ > 0. Assume for all t € [0, T] where T € R that (7.19) has the unique
solutions x(t), z(t). Consider the following conditions:

1. There exists a unique function ¢ (-) such that g(x(t), p(x(t)) = 0 forall t €
[0, T'] where x(t) denotes the unique solution over [0, T of the reduced system

X =g(x ¢(@), x(0) = xo.
2. Consider the ‘boundary layer’ system

£
ﬁ(f) = f(x0, 2(v) + ¢ (x0)). (7.20)

Assume that the equilibrium Z = 0 of (7.20) is globally asymptotically stable,
uniformly in x.

3. The eigenvalues of [%(-)] evaluated along x(t), z(t), have real parts smaller

than a fixed negative number, i.e.,

Re (Ai (B—f} (x(1), Z(t)))) <—c, ceRog, Vi, Vt>0.
Z

where Re(a) denotes the real part of a € C and A; (A) denotes the ith eigenvalue
of A e R"™ ",

If the three conditions above are satisfied, then relations (7.21) and (7.22) hold
forallt € [0, T] and there exists a time t; > 0, O(¢In(1/¢)), such that (7.23) holds
forallt € [t1, T].

x(t) = %(1) + O(e). (7.21)
2(1) = Z(1) + 2(1) + O(e). (7.22)
2(t) = 2(t) + 0 (o). (7.23)

The Theorem’s first condition ensures that there exists a well defined reduced
model. The second condition verifies that, initially, the trajectory of the complete
system rapidly converges to the one of the reduced system. The third condition
guarantees that after the initial transient dies out the trajectory of the complete system
remains close to the that of the reduced system. It is worth mentioning, that the
above is Tikhonov’s theorem restricted to the special case when the systems are time
invariant and (7.19a) has a unique root. For an excellent treatment of Tikhonov’s
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theorem (including its most general form) and its applications in control theory see
[9].

In verifying the theorem’s last two conditions the following two lemmas will be
useful.

Lemma 3 [22] Consider the boundary system (7.20). Assume that f and the root
¢ are continuous functions and that xy € & where & is a compact subset of R™.
Suppose that for all xg € 2, the origin of (7.20) is globally asymptotically stable.
Then the origin of (7.20) is globally asymptotically stable, uniformly in x.

Lemma 4 Consider f(-) in (7.19). Let A be a compact subset of R**"™ and suppose

that
Re (,\i ([%} (x,z))) <0, Vi, V[x,z]" €A

Then, there exists a ¢ € R~ such that

Re (xi ([%} (x,Z))) < —c. va € A.

Proof First, we show that

A*(x, z) := max (Ai ([2—f] (x, z))) , (7.24)
i z

that is, the maximum real part of the eigenvalues of the Jacobian, is a continuous
function of x and z.

The eigenvalues are the roots of the characteristic polynomial of the Jacobian
(i.e., the solutions to det (AI - [%] (x, z)) = 0 where A € C). The roots of a
polynomial depend continuously on the coefficients of a polynomial. The coefficients
of the characteristic polynomial of the Jacobian above depend continuously of the
entries of the Jacobian. The entries of the Jacobian are continuous functions of x and
z. The composition of two continuous functions is also a continuous function. Thus,
the eigenvalues of the Jacobian are continuous functions of x and z. Thus, (7.24) is
a continuous function of x and z.

The supremum of a continuous function over a compact set is achieved by an ele-
ment in the set. This fact and the lemma’s premise imply that supy, .jreq A*(x,2) <0
which completes the proof. O

B: Converging Input Converging State Systems

In Appendix C, we need to prove that the unique equilibrium of the network with
the enzyme concentrations fixed in time (system (7.8)) is globally asymptotically
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stable (GAS). To accomplish this we exploit the acyclycity of the network to break
system (7.8) down into n one dimensional subsystems and study how they interact.
To this end, we introduce the notions of converging input bounded state (CIBS) and
converging input converging state (CICS) systems. These were original presented in
[20] and relate to other more well known concepts such as input to state stable (ISS)
systems.

Definition 1 We say that u(-) is an input if it is a continuous function that maps
from R>¢ to R™.

Now, consider the non-autonomous system
x(t) = f(x(0), u@), (7.25)

where f(-) is continuous, x € R" and u(-) is an input. In addition, consider the same
system with ‘zero input’

x(t) = f(x(),0). (7.26)

Definition 2 System (7.25) is said to be converging input bounded state (CIBS) if
for any input u(-) such that u(r) — 0 ast — +oo and for any initial conditions
xo € R", the solution exists for all # > 0 and is bounded.

Definition 3 System (7.25) is said to be converging input converging state (CICS)
if for any input u(-) such that u(¢r) — 0 as ¢+ — 400 and for any initial conditions
xo € R", the solution exists for all # > 0 and converges to 0 as time tends to infinity.

Lemma 5 Assume that for any input, x(t) exists for allt > 0. Let V:R" — R
be a continuously differentiable, bounded from below and radially unbounded (i.e.,
lIx]| = +00 = V(x) — 400) function. If there exists constants @ > 0 and B > 0
such that

. av
Vix) = af(x,u) <0V (x,u) e R"™™: x|| = B, [lull <«

then system (7.25) is CIBS.

Proof We prove by contradiction. Assume that the premise of the lemma is satisfied
and that there exists a u(¢) such that ||u(t)|| — 0 ast — 400 but x(¢) is unbounded.
By our premise, x () is defined for all # > 0. Thus, there does not exist a finite escape
time, i.e., there does not exists a time 7 > 0 such that [|x(¢)|]] - +oocast — T.
Thus, the fact that x(¢) is unbounded implies that ||x(#)|] — 400 as t — +o0.
Now, [[u(t)]| — 0 ast — 400 implies that there exists a r; > 0 such that
vVt > 11, [lu(®)|| < «. In addition, ||x(¢)|| — 400 ast — 400 implies that there
exists a rp > 0 such that V¢ > 1, [|x(¢)|| > B. Let t3 := max{t, t»}. Thus, V¢ > 13,
V(x(t)) < 0 which implies that V¢ > #3, V(x(¢)) < V(x(#3)). This implies that x (¢)
does not tend to +o00 as ¢ tends to +00. We have reached a contradiction. O
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Theorem 3 [20] If 0 is a GAS equilibrium of (7.26) then CIBS and CICS are equiv-
alent for (7.25).

Theorem 4 [20] Consider the cascade formed by system (7.25) and the auto-
nomous system y = g(y),

= f(x,y), (7.27a)
y=2g(0), (7.27b)

where g is continuous, y € R™. Assume the origin of (7.27b) is GAS and that (7.25)
is CICS. Then the origin of (7.27) is GAS.

C: Proof of the Main Results

We begin by demonstrating a series of results regarding the metabolic model when
enzymes are kept at a fixed value. In other words, up to and including the proof
of Lemma 1 we neglect the enzyme dynamics (7.1b) and assume e(f) = e, where
ec R’;’O is a constant such that Conditions 1-3 hold. In Sect. 7.3.1, we argued that if
Conditions 1-3 are satisfied, the metabolic network (7.8) has a unique equilibrium
5.

We now establish global asymptotic stability of the equilibrium. To do this, instead
of studying the behaviour of the whole network in one go, we examine the behaviour
of individual metabolites, or individual subsystems first, and then using these we
establish the stability property for the whole network. We call

x(1) = fi(x(@),e), x(0)=x0€Rx
the 1st subsystem where f] is defined as in (7.8). Similarly, we call
x() = fi (w@),x(),e), x(0)=x0€Rx

the ith subsystem' where w: R=o — Ri;ol plays the role of an input and f; is defined
as in‘(7.8) fori =2, ..., n.Note that, gfven that the domain of f;, withi =2,...,n,
is R’z_ol x R0 x Rxq (the reaction rates, v;_,; are only defined for non-negative

arguments), it is important that the range of w is R’:O] instead of R'~!. For this
reason, if we want to employ the CICS machinery introduced in Appendix 2, we first
must alter slightly our definition of an input u(-) (Definition 1, Appendix B).

Definition 4 We say that u(-) is an input to the systemx = f(x, u), f: Ax B — R”
where A x B C R" x R™, if it is a continuous function that maps from R to B.

! Here we are abusing slightly our notation by writing the first i — 1 scalar arguments of f; as a
single i — 1 dimensional vector argument.
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It can be shown, in a similar manner as in Appendix B and [20], that Lemma 5 and
Theorems 3 and 4 hold if one replaces the original definition of an input (Definition
1) with the one above (Definition 4) and xo € R" with xo € A.

Returning to our original problem, it is convenient to introduce the change of
coordinates z := x — § and u(-) := w(:) — 5 where §' := [51 S Ei_l]T for
i =2,...,n. Then, we can re-write the 1st subsystem as

z2(t) = fiz@®) +51,e), z(0) =z0 € [—51, +00).

and the ith subsystem
i) = f (u(t) +5 20 + 5, e) . 20) = 20 € [—5;, +00). (7.28)

fori =2, ..., n.In addition, from now onwards we will say an input #(-) meaning
an input to the ith subsystem (7.28) in the sense of Definition 4.

Proposition 1 For any input given u(-), then the ith subsystem has a unique, con-
tinuous solution z(t) € [—s;, +00) forall t > 0.

Proof Each component of f(-) is a linear combination of globally Lipschitz con-
tinuous functions (Assumptions 1 and 2), hence f(-) is globally Lipschitz contin-
uous as well. This and the definition of u(-) (which implies that it is a continuous
function of ¢), ensure that the i th subsystem, z = f; (u ® + 5, z(0) + 5, e), satisfies
the usual conditions for global existence of solutions of time varying systems. Hence
the ith subsystem has a unique, continuous solution z(¢) that exists for all r > 0.
Then, due to the positive definiteness of the g;s and ;s

z=—s51=>2z=f10,e)=1I1 —h1(0,e)=11 >0

which proves that z(t) € [—51, +0o0) for all # > 0 were z(¢) is the solution of the 17
subsystem, and

i=—5=>i=f (u(t)+§",o,e)

=i () +5',¢) —hi(0,0) = g (D) +5.¢) 2 0

which proves that z(f) € [—S5;, +00) for all t > 0 were z(¢) is the solution of the ith
subsystem, i = 2, ..., n. O

Proposition 1 is important for two reasons. First, it allows us to regard the state
space of ith subsystem, (7.28), to be [—s5;, +00) instead of R. This makes sense,
we are only interested in non-negative concentrations of the metabolites. Second, it
shows that the vector containing the state of the first i — 1 subsystems is input to the
ith subsystem, in the sense of Definition 4.

Proposition 2 The ith subsystem is CIBS, foranyi =2, ..., n.
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Proof Let V : R>9 — R be defined as

1 . Vv . . i _
V(z) = EZZ = V()= 5. =z(g,- (u—i-sl,e) —h; (Z+Sise))-

By Condition 3, h;(e) > gi(5', ¢) thus hi(e) > gi(5',e) + 81, for some §; >
0. In addition, by continuity and monotonicity of g; (monotonicity in each of its
arguments), there exists a sufficiently small « > 0 such that

=i =i 81
gi (oz]l—l—s ,e) —gi (s ,e) < Eh
where 1l := [1 - 1]T. In addition,

. . . b A 8
lulloe <= g (u+5e) < g (al+5e) < g () + T <hite) - 5

Hence, we have
—i _ ~ 81 —
lulloe < e = g (u+5', ) =i c+50) < hile) = T = hilz +3i.e).

Because hi(z + 5i, e) — ﬁi(e) from below as z — +o00 we can always find a 8
such that z > 8 = fzi(e) — hi(z + si,e) < & for any given §, > 0. In addition,
because z € [—S5;, +00), ||z|| > §; implies ||z|| = z. Hence, choosing §; < 87‘ and
defining B := max{f, 5; + ¢}, where ¢ > 0, we have

) . . b 8
w, 2 ||ulloe < @, |12l = B = V(2) < z(hi(e) — h(5i, e) — 5‘) <28 — 31) <0

Then, applying Lemma 5 completes the proof. O

Proposition 3 The origin of ith subsystem with zero input (i.e., u(t) = 0) is a
globally asymptotically stable equilibrium, for anyi =1, ..., n.

Proof We use the Lyapunov function

1, . av . i _
V(z) = 37 = V(@) = 5. i= zfi(8", z(t) +5i, e)
=z(&i (51, ..., Si—1,€) —hi(z+5i, €)).
By the definition of s, we have that g; (51, ..., Si—1,¢) = h;i(5;, €). So

V(z) = z(hi(5i, ) — hi(z + 5, e)).
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Due to the strict monotonicity of k;, z and (h; (5;, ) — h;(z + 5i, €)) have opposite
signs and are both equal to zero if and only if z = 0. Hence, applying Lyapunov’s
Direct Method completes the proof. ]

Proposition 4 The ith subsystem is CICS, foranyi =1, ..., n.
Proof This follows directly from Propositions 2 and 3 and Theorem 3. (]
With these preliminary results in mind, we are now ready to prove Lemma 1.

Proof (Lemma 1) As previously pointed out, the solution to the first subsystem is
an input to the second subsystem, in the sense of Definition 4. Consider the cascade
obtained by setting the input of the 2nd subsystem to the state of the 1st subsystem,

21(t) = fi(zi(t) + 51, ),
2(t) = f2(z1(t) + 51, 22(t) + 52, €) .

Propositions 3 (i.e., the origin of the 1st subsystem is a GAS equilibrium) and 4
(i.e., the 2nd subsystem is CICS) and Theorem 4 (i.e., that the origin of the inter-
connection of an autonomous system which has a GAS equilibrium at the origin and
a CICS system has a GAS equilibrium) imply that the origin of the above cascade
is GAS. Then, by induction, we see that the origin of the system obtained by iter-
atively cascading the ith subsystem with the cascade formed by the previous i — 1
subsystems is a GAS equilibrium. In other words, the origin of

z=f(z+5,e)

is a GAS equilibrium, which completes the proof. (]

Proposition 5 Let A denote the subset of R, whose elements are such that Con-
dition 3 holds. There exists a unique function ¢: A — RZ ; such that f(¢(e),e) =0
for all e € A. Furthermore, this function is continuously differentiable and globally
Lipschitz continuous.

Proof Existence and uniqueness of ¢ follows from our discussion in Sect. 7.3.1 of
the main text regarding the existence and uniqueness of an equilibrium if the enzymes
are constant. Each component of f (-) is a linear combination of continuously differ-
entiable and globally Lipschitz continuous functions (Assumptions 1 and 2). Thus,
f(+) is continuously differentiable and globally Lipschitz continuous or, equivalently
its partial derivatives exists everywhere, are continuous and bounded. The fact that
f(¢(e),e) = 0foralle € Aimplies that the total derivative of f(-) along [¢ (e) e]T
is also equal to zero, i.e., f'(¢(e),e) = O for all e € A. The total derivative of a
function exists and is continuous if and only if the partial derivatives of the function
exist and are continuous. Hence,

af 3¢ f B
£(¢>(e), 6)5(6) + 5((1)(6), e)=0
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which implies that

o . (of ~laf
%(6) = — (%@(6), e)) 5@(6), e).

By Condition 1, vj.; = 0 if i < j. Hence, i < j = %((ﬁ(@),e) =
a;é;’i (¢j(e), e) =0. Thus, %(qﬁ (e), e) is lower triangular. Furthermore, by Condi-
T \P.

tion 2, h; is strictly increasing, hence
afi

oh;
375,'@(6)’ e) = —af’bi(qﬁl(E), e) <0.

. -1
Thus, (%(qb(e), e)) exists for all e € A. Hence, %(e) exists for all e € A.

Furthermore, %(6) is continuous and bounded which shows that ¢ is continuously
differentiable and globally Lipschitz continuous. (]

We are now in a position to prove Lemma 2 and Theorem 1.

Proof (Lemma 2) The existence and uniqueness of s(¢) and e(r) follow from
our assumption that f(-) and g(-) are smooth and globally Lipschitz continuous
(Assumptions 1-3). The existence and uniqueness of ¢ (-) is proven in Proposition 5.
The domain of ¢ (-) is A. Thus, (7.14) is well-defined if and only if e(¢) remains in A.
This is ensured by the premise, B C A is forward invariant with respect to (7.14) and
eo € B.In addition, g(-) and ¢ (-) are globally Lipschitz continuous (Assumption 3,
Proposition 5, respectively), which implies that (7.14) satisfies the usual conditions
for global existence and uniqueness solutions. (I

Proof (Theorem 1) The proof is an application of Tikhonov’s Theorem on finite
time intervals (Theorem 2). The existence and uniqueness of ¢ (-) satisfies the first
condition in the premise of Theorem 2 which requires that the metabolite dynamics,
f (s, e), has a unique root.

The second condition of Tikhonov’s Theorem is that z = ¢(ep) is a globally
asymptotically stable equilibrium, uniformly in ey, of the boundary layer system
z = f(z,e0). Lemma 1 shows that for any given eg € B C A, ¢(ep) is a glob-
ally asymptotically stable equilibrium of z = f(z, ep). The fact that B is compact
combined with the previous statement form the premise of Lemma 3. Then, Lemma
3 establishes the desired result, i.e., that the equilibrium z = ¢(ep) is a globally
asymptotically stable, uniformly in eq.

Proposition 5 shows that ¢ (-) is continuous. Because e(¢) € B for all time, and B
is a compact set, s(t) = ¢ (e(¢)) must also be confined to some compact set. In the
proof of Proposition 5 we established that for any given e € B C A, the eigenvalues
of the Jacobian of the boundary layer system evaluated at [¢ (e), el”, %(qb (e), e),
have negative real parts. The previous two statements form the premise of Lemma
4 which shows that the eigenvalues of the Jacobian of the boundary layer system,
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evaluated along [¢ (e(1)) é(t)]T have real parts smaller than a certain negative real
number, i.e., that the third condition of Tikhonov’s theorem is satisfied. O
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Chapter 8
Networks, Metrics, and Systems Biology

Soumen Roy

Abstract The theory of complex networks plays an important role in Systems
Biology. There are extensive discussions in literature about biological networks bear-
ing the knowledge of function and possessing the key to “emergent properties” of
the system. One would naturally assume that many network metrics need to be thor-
oughly studied to extract maximum information about the system. Interestingly how-
ever, most network papers discuss at most two three metrics at a time. What justifies
the choice of a few metrics, in place of a comprehensive suite of network metrics? Is
there any scientific basis of the choice of metrics or are they invariably handpicked?
More importantly, do these few handpicked metrics carry the maximum information
extractable about the biological system? This chapter discusses how any why the
study of multiple metrics is necessary in biological networks and systems biology.

Keywords Complex networks + Steady state + Flux balance analysis (FBA) - Min-
imization of metabolic adjustment (MOMA) - Elementary mode analysis (EMA) *
Topology - Topological analysis

8.1 Introduction

Modern high-throughput era has launched a flood of biological data. Apart from the
obvious technical challenges of how to store and manage such copious amounts of
data is, of course, the no less important challenge on how to interpret meaningful
patterns in this flood of data. The manner in which biological interactions need to be
mapped necessitates a separate language for its study. The theory of Complex Net-
works [1, 2], provides a good framework for scripting such interactions in modern
biology. Without such a framework, we would not be able to ask questions about
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the “emergent properties” and ““systemic behavior” of complex biological systems
under study.

It was not until the recent developments of complex networks that we had a
mechanism for distinguishing or classifying different networks. Prior to this math-
ematicians, electrical engineers and computer scientists had made a very thorough
study of random graphs. In particular, the models proposed by Erdos and Renyi
had been the subject of extensive research. Modern developments in network theory
[1, 2] showed that diverse networks drawn over all forms of life shared some com-
mon properties which could be quantified by the means of various network metrics.
These are discussed in Sect. 8.2.

It was not only in the identification and classification of topological properties that
these new findings were important. Much more useful insights were to follow. Among
these, a very striking observation was that network topology possesses the potential of
being a major determinant of biological function (or dysfunction). Relations between
topological properties of network nodes (genes, proteins) and functional essentiality
were uncovered in interaction networks [3, 4].

Long before the advent of the complex networks era, extensive modeling had
been undertaken using steady-state flux balance approaches in metabolic networks
[5] via methods like Flux Balance Analysis (FBA) [6] Minimization of Metabolic
Adjustment (MOMA) [7] and Elementary Mode Analysis (EMA) [8].

However, even then, topological analysis has often yielded novel and valuable
insight in metabolic networks. New parameters like synthetic accessibility have
demonstrated sufficient promise in predicting the viability of knockout strains with
accuracy comparable to approaches using biochemical parameters (like FBA etc.)
on large, unbiased mutant data sets [9]. This is notable since determining synthetic
accessibility does not require the knowledge of stoichiometry or maximal uptake
rates for metabolic and transport reactions. On the other hand such knowledge is
essential in FBA, MOMA and EMA. Interestingly, synthetic accessibility can be
rapidly computed for a given network and has no adjustable parameters.

There are extensive discussions in literature about biological networks bearing the
knowledge of biological function and possessing the key to “emergent properties”
of the system. One would naturally assume thorough study of many network metrics
would convey maximum information about the system. Interestingly however, most
network papers discuss at most two three metrics at a time. What justifies the choice
of a few metrics, in place of a comprehensive suite of network metrics? Is there
any scientific basis of the choice of the metrics or are they invariably handpicked?
More importantly, do these few handpicked metrics carry the maximum information
extractable about the biological system? In the next few sections, we will attempt to
answer these questions.
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8.2 Network Metrics

In order to familiarize the readers who is uninitiated with the various network metrics,
we provide at first very basic introduction in this section. In the next section, we then
proceed to investigate how and why multiple network metrics can give us useful
information.

The most common topological metric in networks is degree, which is henceforth
denoted by k. It is the number of connections a node has to other nodes in the net-
work and perhaps also with itself. The distribution of degree is perhaps the most
well-studied item for almost all network systems. It is well-known that Erdos-Renyi
Networks have a Poisson Degree Distribution. However, most real world networks,
including biological networks have a heavy-tailed degree distributions. The most
prominent feature of all heavy-tailed degree distributions is the presence of a few
hubs or high degree nodes in a network with the simultaneous presence of leaves or
low degree nodes.

Of special interest is a class of degree distributions which obey a power law

Pk)y=k=" (8.1)

It is obvious from the above equation that if k is replaced by ak, the form of the
distribution remains invariant. Hence these distributions are also known as “scale-
free” distributions. Power-laws have a special importance across the sciences, eg. in
phase transitions, turbulence, Gutenberg-Richter law, Pareto Law, Zipf law etc. It is
perhaps as a result of this strong presence of power laws across the sciences that many
a times in recent literature one would almost invariably find papers classifying heavy
tailed degree-distributions as “scale-free networks”. This is vexing since many degree
distributions could be fit equally well or perhaps even better by other distributions.
More so, because a very reliable statistical machinery for proper identification of
scale-free networks has existed for quite some time [10].

The rather excessive mention of “hubs” in literature probably arises from the
apparent conclusion that removal of such high-degree nodes could cause massive
damage to the network. However, it has been clearly demonstrated by means of
the “S-metric”, that even in networks with scale-free degree distributions, extremely
important networks like the internet could well be structurally robust and functionally
stable [11]. Therefore, plucking out the hubs from a network might not necessarily
lead to a catastrophe as one might think at the first instance. On the contrary, the
effect could be merely local.

That the hubs are not always the most important nodes in a network has been
known for along time. Social scientists have clearly demonstrated this via the analysis
of graphs like the “Krackhardt kite graph” shown in Fig. 8.1 [12]. One of the
most important properties of a network node which reflects this fact is known as
“betweenness centrality”, [13]. It measures the fraction of all shortest paths which
passes through a node. The role of betweenness is depicted in Fig. 8.1. At the first
glance, it may appear that targeting a ‘hub’ (like 3) would cause intense damage
to the network. However, the fact is that targeting a high-betweenness node like 7
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Fig. 8.1 The role of
betweenness: it has been
known for long that targeting
high-betweenness node like 7
over hubs (like 3) could cause
much more damage to this
network

which obviously does not possess a relatively high degree would cause much more
damage to this network.

In the world air transportation network, one would probably anticipate that most
shortest flights between any two airports are likely to pass through cities like London
and New York. However, actual analyses showed that 60 % of the 25 most connected
airports of the world did not lie on many of these shortest paths. Instead airports like
Anchorage and Port Moresby [14] lay on many of these shortest paths. The analysis
on weighted networks might however change the results somewhat but the general
importance of these results is not wasted. It is also known that for the US airline net-
work, maximum damage would be done if the airports are targeted by betweenness
rather than hubness [15]. Many papers using biological networks have found impor-
tant results using betweenness [16-20]. Very recently the issue of controllability of
complex biological networks has become very important [21]. The role of centrality
metrics over degree is increasingly being discussed in this regard [22].

While any two nodes in a network might be connected by many paths, of special
interest always, is the length of the shortest path between a pair of nodes. This is
known as the geodesic distance between two nodes. There could of course more than
one shortest path, each equal to the length in the network, connecting a pair of nodes.
The diameter of the graph is another common metric which measures the longest
such shortest path in the network.

Assortative mixing [23], quantifies the likeness of connections, i.e. whether high-
degree nodes are predominantly connected to other high-degree nodes in a network
or to low-degree nodes in a network. The degree assortativity, is defined as the
Pearson correlation coefficient between the degrees of all pairs of connected vertices
in the network. It should however be mentioned that being a correlation coefficient,
assortativity is likely to have its limitations when “outliers” are present in the network.
In these situations, Gini coefficient [24, 25]
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can be expected to capture the true picture, much better [15].
Assortativity has been studied in the context of various biological networks
[26, 27] While it was earlier thought that all biological networks are disassortative, it
has been subsequently found that protein contact networks could be assortative [26].
Another important metric in networks is clustering coefficient,

G(k) =

8.2)

3 x number of triangles in the network

= 8.3
number of connected triples of vertices 8-3)

where a connected triple means a single vertex with edges running to an unordered
pair of other vertices.

Another definition of the clustering coefficient, which has been given by Watts
and Strogatz, who proposed a definition for the clustering coefficient of every node.

number of triangles connected to vertex i

. . (8.4)
number of triples centered on vertex i

For vertices with degree O or 1, the numerator and denominator are both zero, and
we put C; = 0. Then the clustering coefficient for the whole network is the average
of the individual clustering coefficients of all nodes.

1
C= - Z C; (8.5)

The Clustering coefficient of real world networks is almost invariably a few order of
magnitudes higher than a random network formed of the same nodes and edges.

Rich club coefficient [28, 29], ¢ (k) = 2E;/Ni(Ny — 1) is the ratio, for every
degree k, of the number of actual to the number of potential edges for nodes with
degree greater than k; where Ny, is the number of nodes with degree larger than k, and
E} is the number of edges among those nodes. The human brain which is a complex
network of interlinked regions displays a rich-club organization [30].

Also important network formulations like spectral graph theory are also known
to shed valuable insights in graphs and in biology. For example, spectral graphs have
been studied extensively in biological networks [31, 32].

The list of metrics in Table 8.1 hopefully provides a conceptual introduction to
uninitiated readers who are not familiar with the nuances of complex networks. It
is not meant to be an exhaustive list. It must be mentioned that there are a number
of other network metrics like closeness centrality [12], eigenvector centrality [33],
subgraph centrality [34], bipartivity [35], information centrality [12] etc.
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Table 8.1 Easy summary of common network metrics and concepts associated with each

Metric Notion

Degree / connectivity Number of connections a node has to other nodes in the network and
perhaps also to itself

Geodesic distance Length of the shortest path between a pair of nodes

Betweenness centrality Fraction of all shortest paths which pass through a node; captures
flow in information networks

Closeness centrality Inverse of sum of distance of a node to all other nodes; denotes
“closeness” to other nodes

Clustering coefficient High for nodes in real-world networks; ratio of number of triangles
connected to vertex to number of triples centered on vertex

Degree assortativity Quantifies likeness of connections via pearson correlation coeffi-

cient, e.g. whether high-degree nodes or hubs are predominantly
connected to other high-degree nodes or hubs in the network or to
low-degree nodes

b . . . .. SN N ik

egree gini coefficient Similar to assortativity. Defined as G (k) = =N useful
if there are outliers in degree distribution

k-core Subgraph constructed by iteratively pruning all vertices of the net-
work with degree less than k

Rich-club coefficient Ratio, for every degree k, of the number of actual to the number of

potential edges for nodes with degree greater than k, where Ny is the
number of nodes with degree larger than k, and Ej be the number
of edges among those nodes. ¢ (k) = 2E; /N(Ny — 1)

8.3 Multiple Network Metrics

Now that we have a notional foundation about network metrics, it is time to discuss the
relative importance of these network metrics. Degree, hubs and scale-free networks
are already over represented in network literature [36]. However, while degree is
certainly important in some circumstances, they are not always the only important
metric. For example Fig. 8.1 clearly establishes that betweenness is more important
than degree, in a number of scenarios. Again, assortativity is important in some cir-
cumstances [26, 27] and other metrics might play a significant role in other situations.
Thus a question which naturally arises as to how we can identify which metrics are
important in a given scenario and which ones are redundant.

In recent literature, this issue has been adequately addressed by the introduction of
an appropriate quantitative framework [37, 38]. These papers demonstrated how and
why multiple metrics and higher moments of some of these should be simultaneously
studied in complex networks; they consider a significant number of network metrics,
including higher moments of metrics, wherever appropriate. The first few moments
of many distributions often (albeit not always), quantify a distribution sufficiently.
Therefore, distributions of metrics like geodesic, betweenness, degree or clustering
should be studied in depth whenever possible because they might carry important
information about the system. Data mining techniques such as statistical dimension
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reduction techniques like Principal Component Analysis (PCA) [39] and clustering
can then be used for the identification of informative and redundant network metrics.

These papers clearly demonstrate that it is not just the degree or betweenness
or some other metric which is important in every scenario. Most of the meaningful
information is actually carried by a linear combination of some metrics and/or the
higher moments of a few metrics [37, 38].

The power of these methods is demonstrated by the fact that they can also be
used for comparing various network growth models among themselves and to detect
how individual models compare with respect to real word data [37]. At this point,
one might question if the consideration of the first few moments of a distribution is
more an academic than a practical exercise. We will hopefully have an answer to this
question by the end of this section.

To demonstrate this we proposed a new model of network growth which was
called the “graphlet model of network growth”. The motivation for proposing this
model came from the observations that there are several instances in nature and sci-
ence, where network growth via “graphlets” is observed. For example, in biology,
gene duplication can add subnetworks to the network in the evolution of biological
networks [40]. Again, in developmental transcriptional gene regulation, a mutation
in a master regulator can add or eliminate whole pathways [41]. Computer software
networks (composed of interacting functions or classes) often grow by the simulta-
neous addition of small groups of related elements. For example, (1) good design
principles call for classes to be added in small groups called design, and, (2) to allo-
cate, use, and free a resource (such as a file) functions are usually added together
patterns in object-oriented languages [42]. However, most network growth models do
not emphasize on connected node arrivals but on growth models like the Barabasi-
Albert model [43]; which have one or more than one nodes arriving at every instant
of time and attaching to the network by some defined mechanism.

It is apparent that this graphlet model will always produce trees and will not be
able to capture the properties of many real world networks. Hence a new model
was introduced where the incoming graphlet would throw / edges at random with
probability S at each time step.

We then introduced a 15-dimensional attribute vector of seven well-known net-
work properties. It is obvious that being armed with such a suite of metrics, would
enable a very comprehensive and general comparison between any set of networks.
These properties were: the number of nodes, the number of edges, the geodesic
distribution, the betweenness coefficient distribution, the clustering coefficient dis-
tribution, the assortativity, and the degree distribution of the network. For the four dis-
tributions, the mean, standard deviation, and skewness were used as proxy attributes,
adding up to a total of 15 attributes. Normalizing each value by subtracting the
attribute mean and dividing by the attribute’s standard deviation, networks are
mapped to points in a 15-dimensional space defined by these attributes (Fig. 8.2).

Heatmaps are extensively used across the sciences. They are typical tools for
clustering data. Due to the hierarchical clustering used in a heatmap, the rows and
columns get so ordered that the most correlated metrics are placed closest to each
other. Clusters of similar network attributes can be identified by detecting blocks
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Fig. 8.2 Symmetric heatmap of attribute correlations among networks. Red (blue) indicates perfect
correlation (anti-correlation). White is the intermediate case of no correlation. The small amount
of clustering along the diagonal attests to the relative independence of the attributes. Source [37].
Reprinted with permission from European Physical Society

of squares along the diagonal of the heatmap. Sizable blocks along the diagonal
would denote redundancy. At the other end, a limited amount of clustering along the
diagonal would imply that most of the network metrics we have chosen are effectively
independent. Hence they would be informative for our analysis.

For our work, we assembled a collection of 113 diverse real-world networks
from biological, social, and technical domains. This collection includes software call
graphs, a social network of software developers, political social networks, three gene
networks, three protein- protein interaction networks, cellular networks for several
organisms, and several others downloaded from a web repository of networks.

To conduct a comprehensive comparsion across many network metrics, we use a
well known statistical dimension-reduction technique, like Principal Components
Analysis [39]. The PCA algorithm ensures that when high dimensional data is
projected to a lower dimension, the maximum variance of the dataset is retained.
PCA finds the projection of an n- dimensional dataset onto an equidimensional space,
such that the “new axes” (in other words, the principal components) are orthogonal
and linear combinations of the original dimensional variables. The whole exercise is
such that the first d axes, where d < n retain the maximal variance of the original
data set possible with that many dimensions.

Figure 8.3 shows a projection of our model networks (orange points), the Barabasi-
Albert model networks (light blue), and real-world networks (black) onto the first
three principal components of the eleven-dimensional PCA space of our real-world
data set. We omitted the number of nodes, skew of the degree distribution, and
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Fig. 8.3 A projection of our model networks (orange points), the Barabasi-Albert model networks
(light blue), and real-world networks (black) onto the first three principal components of the eleven-
dimensional PCA space of our real-world data set (we omitted the number of nodes, skew of the
degree distribution, and variance and skew of the betweenness distribution from the original 15
attributes). Here, the PCA1 axis is primarily composed of (in terms of their coefficient’s magnitude)
a combination of the number of edges, mean and skew of geodesic, mean and standard deviation
of clustering, and mean and standard deviation of degree. PCA2 is mainly a combination of the
standard deviation and mean of geodesic, and assortativity. PCA3 is mainly a combination of the
mean of betweenness, mean of clustering, number of edges, and standard deviation of degree. As
an example of a spread along an original parameter, the gray arrow is parallel to and shows the
direction and magnitude of assortativity when projected onto this space. Source [37]. Reprinted
with permission from European Physical Society

variance and skew of the betweenness distribution from the original 15 attributes for
reasons discussed in [37]. Here, the PCA1 axis is primarily composed of (in terms
of their coefficient’s magnitude) a combination of the number of edges, mean and
skew of geodesic, mean and standard deviation of clustering, and mean and standard
deviation of degree. PCA2 is mainly a combination of the standard deviation and
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mean of geodesic, and assortativity. PCA3 is mainly a combination of the mean of
betweenness, mean of clustering, number of edges, and standard deviation of degree.
As an example of a spread along an original parameter, the gray arrow is parallel
to and shows the direction and magnitude of assortativity when projected onto this
space. These principal components retain 71 % of the original data variance and
demonstrate the larger coverage potential of the extended graphlet arrival model.

We end this section with the hope that we have been able to answer with clarity
the question as to why we should be considering the higher moments of metric dis-
tributions. That they are indeed informative is reflected by the emphatic presence of
anumber of higher moments of metric distributions in the first few principal compo-
nents [37]. Subsequent works in literature using similar approaches and techniques
have also arrived at similar conclusions [44—46].

8.4 From Network Metrics to Organsim Phenotypes

We then build on the methods developed in Sect. 8.3. The question we would like
to ask is whether phenotypes and other biological properties of organisms depend
crucially on the topological properties of their networks. And somewhat more ambi-
tiously, does network topology encode for biological phenotype?

Towards this end, we used metabolic networks of 32 different microbes [38]
based on data deposited in the What Is There (WIT) database [47]. This database
contains metabolic pathways that were predicted using the sequenced genomes of
several organisms. In these networks, edges represent sequences of reactions in the
organisms cells while the nodes are enzymes, substrates, and intermediate com-
plexes. The following three microbial species: Actinobacillus actinomycetemcomi-
tans, Rhodobacter capsulatus, and Methanobacterium thermoautotrophicum were
excluded from the original collection. This was because many of the phenotypic data
or microbe characteristics do not seem to be publicly available for them. The network
sizes vary from 2,982 nodes and 7,300 edges to 595 nodes and 1,354 edges.

The microbe characteristics or phenotypes that were investigated in our work are
(1) microbe class (MC), (2) genome size (GS), (3) GC content (GC), (4) modularity
(Q), (5) number of such modules (Ng), (6) motility (MO), (7) competence (CO),
and whether these microbes are (8) animal pathogens (AP), (9) strict anaerobes
(AN), or (10) extremophiles (EX). As is well-known, microbes are classified as
bacteria or archaea. Genome size refers to the sum total of DNA contained within
one copy of a genome. It is usually measured in the total number of nucleotide base
pairs (commonly as millions of base pairs or mega-bases) or in terms of mass in
picograms. Few microbes have much more DNA compared to other microbes; thus,
an organism’s genome size is not directly proportional to its complexity.

The percentage of nitrogenous bases on a DNA molecule, which is either cytosine
or guanine and not thymine or adenine gives us the GC content. The data for GC
content and genome size were obtained from the National Center for Biotechnology
Information (NCBI) Entrez genome project database. Modularity of a biological net-
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Table 8.2 Exploring the association of microbe characteristics and phenotypes with network
metrics

Range Phest  \Pranq) P-value Best model variables
MC Binary 0.113 0507 <3 x 107 N, E, geoy, geor, geos, bety, bety, bet3, deg
GS (0.58,6.3) 0476 1302 <107° N, E, betwy, bety, bet3, degn, degs
GC (28.2,66.6) 0.763 1.158 <9.8x 10> N, E, geoy, geor, geos, bet
Q  (0.59,0.69) 0.005 0.033 <107° N, E, geoy, geos, bety, bet3, degy, deg
Ng (14,35) 2.102 6413 <107° N, E, geoy, geoa, geos, bety,degy,deg

MO Binary 0.315 0.577 <1.4x1075 N, E, betws,degy,degs, degs
CO Binary 0.158 0.683 <9 x 107 N, E, geoy, geoa, geos, betwy, betz, deg,

degy, degs
AP Binary 0.325 0567 <107° geoy, geor, betws, degs, degs
AN Binary 0.359 0.495 <2.66 x 10~ E, geoy, geos, bety, bety, bet3, degs
EX Binary 0.284 0.540 <107° geoy, geor, betz, degy,degs, degs

Microbe class (MC); Genome size (GS); GC content (GC); Modularity (Q); Number of modules
(Ng); Motility (MO); Competence (CO); and whether the microbes are Animal pathogens (AP),
Strict anaerobes (AN) or Extremophiles (EX). N, E denote the number of nodes and edges in
the network while geo;, bet;, deg; denote the i'th standardized moment of the network geodesic,
betweenness and degree distributions respectively. The range of a values of a phenotype is given in
case it is not binary. Source [38]. Reprinted with permission from the American Physical Society

work is defined as the fraction of edges within modules less the expected fraction
of such edges. A state-of-the art algorithm [48] was used to determine the commu-
nity structure in networks. This algorithm incorporated the edge directionality. Prior
network community structure algorithms ignored edge directionality and applied
methods developed for community structure in undirected networks. Obviously a lot
of valuable information contained in the edge directions is lost as a result of this.
It is well-known that modularity has an intimate connection to function in Biology.
The concepts of structural and functional modularity are well-defined and modules
typically correspond to gene circuits or pathways. Motility allows microbes to move
away from undesirable environs towards desirable ones. The ability of a cell to take
up extracellular DNA from its environment is measured by its Competence. Those
microbes that do not require oxygen for growth and may even die in its presence
are called Anaerobic organisms. Organisms which require extreme physical or geo-
chemical conditions, in which majority of life on earth cannot survive are known as
Extremophiles. While GS, GC, Q, NQ can take values within the range mentioned
in Table 8.2, the rest of the microbe characteristics or phenotypes are binary e.g., a
microbe is either aerobic or anaerobic; either archaea or bacteria and so on.

We use a suite of 11 complex network metrics, so as to comprehensively compare
all 32 networks simultaneously. To start with by assuming an initial dependence of
the organism phenotype or characteristics on all network metrics because we do not
know a priori which ones associate better than other metrics.

We then iteratively proceed to prune variables whose absence improves or does
not significantly alter the quality of the resulting model. This is done by minimizing
the well-known Akaike information criterion,
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a=2k—2InL (8.6)

where, k is the number of parameters in the statistical model and L is the maximum
logarithmic likelihood for the estimated model. « is a standard measure in statistics
allowing for selection among various nested models. It penalizes models having
many parameters and scores a model based on its goodness of fit to the data. In this
way, we arrive at our “basis set” containing the smallest number of independent,
indispensable network metrics that can be linked with an organism phenotype. We
then use the root-mean-square error p to measure the goodness of fit of our model and
the experimental data. p of an estimator Y with respect to the estimated parameter
Y is defined as the square root of the mean squared error,

p(Y) =\ E[(Y —Y)?] (8.7)

We also report the significance of the best model, which we discussed above by
bootstrapping with respect to the same model and using a random permutation of the
observed data.

Table 8.2 enlists the complete results. We enumerate p of these random models,
Prand, and how many times (or whether at all) pyang < Pbest- Pbest 1S Obviously p
of the best model. The normalized significance reflects the number of times p, 4,4 <
Pbesi- We observe 10° such random permutations, for each microbe phenotype. We
also performed an analysis of variance of the difference of the model with all 11 vari-
ables and our model with fewest dependent variables. The difference is not significant.

For half of the microbe phenotypes in this study, namely, GS, Q, NQ, AP, and EX,
we do not come across a single instance where py4nd < Ppes: for that phenotype.
For each of these five phenotypes and also for the rest of the ones considered in this
study, Prand < Ppest, With very low p-values.

Thus we can say with a good amount of confidence that there exists a strong
association of organism phenotypes with relevant topological network metrics. As
observable readily from Table 8.2, the presence of more topological network metrics
does not necessarily enhance the prediction quality.

As mentioned before, an organism’s genome size is not directly proportional to
its complexity. Therefore, it is interesting to observe in Table 8.2 that the association
between topological metrics of the networks and their genome sizes is among the
strongest of all phenotypes explored in this work.

8.5 Lessons Learnt

Networks are effective maps of complex systems. Traditionally biologists have
focussed highly on degree in networks. In the process, they have largely ignored
other metrics like betweenness, closeness etc which carry a lot of information about
the system. The importance of these networks have however been known to sociol-
ogists for decades [12]. It would however, be be a gross generalization to say that
studies on biological networks have so far completely neglected other metrics. Nev-
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erthless, the suggestive examples presented at the start of this chapter followed with
the exhaustive analysis of empirical data buttress our arguement that it is only fair
and wise; not to neglect the effect of other network metrics. A holistic picture of the
system at hand can only be obtained via an exhaustive study of as many network
metrics as possible.

8.6 Conclusion

We began this chapter with a discussion about how network metrics are important
in systems biology and how topological analysis has often yielded novel and valu-
able insight in metabolic networks. New parameters like synthetic accessibility have
demonstrated sufficient promise in predicting the viability of knockout strains with
accuracy comparable to approaches using biochemical parameters (like FBA etc.) on
large, unbiased mutant data sets [9]. we then discussed about the most common met-
ric-degree. Albeit, degree is a very potent metric, we highlighted using simple exam-
ples the incompleteness of using only degree in network analysis. We next tried to
conceptualise a commonly used centrality metric-betweenness. We then introduced
assortavity or degree correlations which inform us as to whether the predominant
pattern of connections in a network (hubs to hubs, hub to leaves or leaves to leaves).
We emphasized on the fact that the list of metrics dealt with here is not exhaustive.
However, the central point of this chapter is not to measure or enlist many network
metrics. Rather, it is to emphasize the importance of the role of simultaneous use
of multiple metrics. Using a suite of standard network metrics and armed with the
higher moments of these metrics, we used standard tools from machine learning like
clustering and principal component analysis to show that the information obtained
from considering multiple network metrics allows us to make an in-depth comparison
of networks and network growth models.

In conclusion, this chapter hopefully establishes that since networks play an
important role in Systems Biology, it is only proper that we venture beyond tra-
ditional approaches of measuring just one or two hand-picked metrics. In fact, we
expect that the use of proper quantitative techniques discussed in Sect. 8.3 in ways
illustrated in Sect. 8.4, will lead to valuable insights not just for biological but for all
types of complex networks.
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Chapter 9
Understanding and Predicting Biological
Networks Using Linear System Identification

Alberto Carignano, Ye Yuan, Neil Dalchau,
Alex A. R. Webb and Jorge Gongalves

Abstract This chapter demonstrates how linear systems can be used to model
biochemical networks. Such models give predictable power that can be used to gen-
erate hypotheses, which in turn can be (in)validated experimentally. The advantages
of linear systems are that they are relatively simple, efficient to obtain and simu-
late, and have been studied in great detail. In spite of inherent nonlinearities in real
world applications, linear systems have been successfully used in control theory as
a tool to model, analyse and control technological systems. In contrast, although at
the molecular level reactions are nonlinear, modelling of key behaviours important
to predict new features of a system can in many instances be captured by linear
dynamics. Guided by a simple example, this chapter explains step-by-step how to
use linear system identification (SId) to obtain causal relationships between differ-
ent biological species in complex networks. We will cover key aspects of model
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estimation, validation and selection. The corresponding Matlab™ codes will be also
be introduced. The chapter ends with illustrations of practical applications through
two case studies, where SId has been used to further our understanding of biological
networks.

Keywords Linear systems * Nonlinearity + System identification - Linear system
identification - Molecular - Biomolecular - Model selection - State + System - Input *
Cholesterol

9.1 Introduction

The use of computational and algorithmic approaches in biological research has
greatly increased in the last decade. The development of new technologies is cre-
ating increasingly larger datasets that describe biological responses to genetic or
pharmacological perturbation. Consequently, there exists a pressing need to process
and interpret these data, despite often having only rudimentary knowledge of the
interactions between the constituent components involved in the biological system
of interest.

A spectrum of methodologies and models has arisen to help tackle this challenge,
from purely statistical and correlative approaches to data processing and hypothesis
testing, through to sophisticated agent-based simulations at the molecular or cel-
lular level. Models also range between static (steady-state) descriptions through to
dynamical models, deterministic or stochastic, and spatially homogeneous or het-
erogeneous. The level of abstraction that is chosen is normally a consequence of the
level of prior knowledge one has of the system of interest, and the question being
addressed.

System identification originates in control theory, and is aimed at characterising
specific model classes (systems that include only linear terms, for example) from
observational data alone [7]. In particular, the response of a system to an input, can
be described with such methods. This approach enables efficient inference of the
model parameters, which quantify the interactions between model states (system
components). Applied to a biomolecular system, this approach offers a way of deriv-
ing a dynamical model in which the interactions between the constituent molecules
are unspecified. From such a model, predictions can be made about the dynamical
behaviour in alternative conditions (different input signals), offering the means to
investigate a previously uncharacterised biological network, and generate testable
hypotheses about the functioning and organisation of the system.

In this book chapter, we demonstrate how system identification can be applied
to linear models of biological systems. A tutorial introduces the use of the Matlab
System Identification toolbox to achieve model estimation and cross-validation [7]
through the example of hormone biosynthesis. Following this, two case studies are
introduced in which system identification has led to demonstrable insights into the
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Cholesterol Progesterone

Fig. 9.1 Chemical representation of cholesterol and progesterone molecules

functioning of partially characterised biological mechanisms: the NF-«B activation
network [3] and the regulation of cytosolic-free calcium ([Ca2+]cyt) by the circadian
clock in Arabidopsis [4].

9.2 A Tutorial on System Identification: Linear Modelling
of Progesterone Biosynthesis

9.2.1 Background

We start by considering a well characterised biological system, the production of
progesterone from cholesterol. We illustrate how linear SId can be used to study
such a reaction. Cholesterol is a fat molecule that can be ingested and synthesised by
the cell, while progesterone is a fundamental female hormone involved in supporting
gestation [9] (Fig. 9.1)

The conversion of cholesterol into progesterone is a single step of the steroidoge-
nesis metabolic pathway, which generates steroids from cholesterol. All the elements
of this pathway have been studied extensively and a complete dynamical description
of the reaction can be obtained from the literature [9]. Therefore, this pathway offers
an ideal case study for testing novel modelling methodologies. We assume no prior
knowledge and try to deduce a model from time-series experimental measurements
alone.

A natural question that arises when considering the causality of the reaction is
‘how strongly does cholesterol influence the rate of progesterone synthesis?” In
particular, what are the forward and reverse reaction rates of progesterone-cholesterol
interconversion? In chemical reaction notation, we write

k
X, — X, ©.1)

ko

where X and X represent cholesterol and progesterone respectively.
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Assuming that the reaction (9.1) follows mass-action kinetics, then we can write
down mathematical equations that define how the abundance of progesterone and
cholesterol are related in terms of the forward and reverse reaction rates k; and k. Let
x1 and x; represent the concentration of cholesterol and progesterone, respectively.
The reaction formula (9.1) tells us that x; increases at a rate kpx, and decreases at
rate k1x1, while the opposite can be said for x;. Therefore, the rate of change of x
with respect to time, %, is equal to kpx> — k1x1. Hence reaction (9.1) can be written
as a system of differential equations:

DUk 9.2)
—_— = — X X .
dt 1X1 2X2

d

f = kyx| — ks 9.3)

Note that although data is collected at discrete times, systems are modelled in
continuous-time. There are two fundamental reasons for this. First, biochemical
systems evolve in continuous time. Second, modelling the system in discrete time can
lead to very different parameter values, which in turn can lead to wrong conclusions.
A discrete time model assumes that the system has been sampled fast enough to
capture the whole dynamic. This assumption is often difficult to justify, especially
in a biological process where it can be hard or impossible to isolate all the active
components.

Control theory is concerned with how systems respond to external forcing.
Biological systems also respond to external forcing, so we introduce the concept
of a control variable. For simplicity, assume there is a linear relationship between the
amount of food eaten and the amount of cholesterol produced, i.e. we can ‘control’
the amount of x| by the amount of food we eat; we will call the energy derived from
food consumption u#. With the control variable, the equations become:

dx

d—tl = —kyx1 + kaxa + k3u 9.4)
D2 —k 9.5)
_—= X1 — X .
dt 1X1 2X2

where k3 is the correlation between available energy for hormone biosynthesis and
cholesterol increase. Equations (9.4), (9.5) represent the model under investigation
and contain 3 parameters that need to be estimated.

For the sake of this exercise, we will only use simulated data to represent collected
measurements of the concentrations of xi, x» and the amount of food consumed
during a 48 h period (measured as energy source for the reaction). The model used
for the simulations follows reasonable biological assumptions and approximates the
real biological system. For details on the model please see the Appendix. We are
interested in estimating a model as close as possible to the original one using the
simulated data only. The time-series data obtained from the simulation are displayed
in Fig. 9.2.
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Fig. 9.2 a Cholesterol concentration; b progesterone concentration; ¢ energy available for the
biochemical process. Data was collected every 5 min over 48 h

The question now is: how do we estimate the parameters in the linear model
described by Eqgs.9.4 and 9.5? A simple solution is to use literature and biological
intuition to try and guess ‘reasonable’ parameters, simulate the system and compare
with the data. For example, using the parameter values k1 = 1, ko = 2 and k3 = 0.5
and initial condition (1, 0), we obtain an increase in the concentration of progesterone
over time (Fig. 9.3).

It is clear that these parameter values do not capture all dynamics in the real
data. While both concentrations of progesterone increase over time, there is a clear
mismatch between the simulation and the data. Mathematically, there are many ways
to quantify and to make this mismatch precise. A standard approach is the least
squares error, which is the sum of the squared differences between each experimental
datapoint and corresponding simulation. If there are N datapoints, then the least
squares error can be written as

N
Vy =D Ok — )’ 9.6)
k=1
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Fig. 9.3 Simulation of the 0.7
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where y; represents the sequence of experimental datapoints and J; is the
corresponding prediction sequence from a given model (3% is obtained by first sim-
ulating the continuous-time model and then sampling its response at the same times
as the data; in this case, since the datapoints are evenly spaced, y, = y(kT), where
T = 5sis the sampling interval).

To minimise the squared error defined by Eq. (9.6), we could change the parame-
ters by hand until reaching a satisfactory solution. However, this method becomes
prohibitively time-consuming for large systems. A more systematic method is to
define an optimisation problem where we seek to minimise the squared error in
Eqg. (9.6) given a particular model class. In our example, the model class is that of
two dimensional linear systems. To solve the optimisation problem, we can use the
‘prediction-error method’ (PEM), a technique widely used in SId [7].

PEM usually starts from a random estimate of the parameters and initial condi-
tions of the model (though these can optionally be initialised). For each datapoint,
a prediction is formed from the previous datapoint(s), and the squared error is com-
puted between the predicted data points and the target data. The algorithm then
iterates towards parameters that reduce the squared error, stopping when no further
improvement can be made. For more details about the method used in the minimiza-
tion process, see [7]. The Matlab™ function ‘pem’ returns parameter estimates and
initial conditions, by using the following code:

data = iddata(y, u); 9.7)
m = pem(data, 2); (9.8)
m = dtc(m); 9.9)

where the function iddata inputs the data and the second entry of the pem function
provides the estimated model order. By default, the function pem returns a discrete-
time model, so we use the command dtc to transform the model from discrete to
continuous-time.
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After obtaining a model and simulating it, we can derive a definition of fitness
from the cost function given by

N a2
fitness = 100 % (1 - z";‘(y—"y_")) (9.10)
Zk:] Ok — )’)2

where y is the average value of the experimental data (in order to avoid divisions by
zero, a different formula has to be used to estimate the fitness of a constant output).
It is easy to check that a zero model error corresponds to a 100 % fit. The Matlab™
function ‘compare’ can be used to compute the fitness using:

[~, fit] = compare(data, model); 9.11)

Simulation of the system using the estimated parameters produces the plotin Fig. 9.4.

By default, models estimated by ‘pem’ are in a ‘state-space’ form, which are
matrix forms of Egs. (9.4), (9.5). To clarify, consider the continuous-time linear
system expressed by the equations:

X = Ax + Bu (9.12)
y=Cx+ Du (9.13)

where x are the ‘state variables’, u are the inputs to the system, A and B are matrices
that contain the parameters corresponding to how the states affect each other and how
inputs affect the states, respectively. The measurements are given by y = Cx + Du,
which can be a linear function of the states (via matrix C) and inputs (via matrix D).
In practice, the matrix D is usually 0. In our example, x; and x, are our states, food
is the input u, and the matrices are given by
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_|k ke _|k3 _ _
A_[k1 _kz}, B_[O] c=[01], D=0

with this definition of C, the output is given by y = x».

Equations (9.12) and (9.13) describe a Linear Time-Invariant model (LTT): linear
because Ax is a linear combination of the state variables (aj x| +azx2 + - - - + apxy),
i.e. no mixed products x;x; or nonlinear functions, and time-invariant because the
system parameters do not depend on time.

In general, the algorithm pem used in Matlab™ is given by

data = iddata(y, u, T's)
m = pem(data, n)

T's is the sample time of the two time series y and u, and n is the model order, i.e.
dimension of A. If there is no input, simply write data = iddata(y, [], T's).

It is possible to impose additional structure on the model. For instance, in the
cholesterol example if we were to measure x; instead, then C = [0 l]. We can set
any entries in A, B, C, D, either as fixed relations, or as initial guesses (e.g. if we
have an idea about the value of an entry, then the optimisation process is more likely
to converge faster).

For instance, let us assume that we have some evidence that the correct values for
the matrices A, B, C and D are:

12 1
A=|:341|;B=|:2:|;C=[01];D=0; (9.14)

We can then set these values as initial guesses for the optimisation problem using
the command:

m = idss(A, B, C, D).

Suppose we would also like a specific structure (for instance C = [O 1]) to be
preserved during the optimisation process. This is done by letting

m.Cs = [0 1].
Equation (9.9) uses the function dtc to obtain a continuous-time system from a
discrete-time system in (9.8). This can done automatically by specifying that the
sampling time is 0, i.e. m.Ts = 0. Finally, we call the function pem as

ml = pem(data, m); (9.15)

There is no need to specify the model order here because the model structure m is
already implicitly setting it (from the dimension of the matrix A).
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9.2.2 Model Validation

System identification combines a number of techniques to solve model estimation
problems. If a model is correctly identified, then it can be used to make predictions
by simulating a wide range of conditions. This, in turn, can help improve the under-
standing of the system, and save time and money invested in experimental research.

In the previous section, we went through the estimation process and obtained
a model with a high fit (84 %). This suggested that most of the dynamics of the
system were captured. However, it is possible that the model is not describing
the biochemical reaction properly and instead is spuriously reproducing the data
with the wrong underlying model. This issue is called ‘over-fitting’ (for an example,
[2, p. 7]) and it is one of the most common and relevant problems in mathematical
modelling. A good model needs to be “flexible’ to correctly predict new experimental
conditions. Such cross-validation tests can help to rule out spurious close fits to the
data, and distinguish between good and bad models.

Suppose we collect new data using a different input (different amount of food in
this case) and different initial conditions (different initial concentration of cholesterol
and progesterone in the blood). Can the model correctly predict the dynamics of
progesterone biosynthesis in the alternative conditions? A new dataset is in Fig. 9.5.

The simulation using this new input is shown in Fig. 9.6 [in Matlab™ this can be
done using the command ‘Isim(m,u,t)’]. The model describes the data well, corre-
lating well over the range of datasets.

What we have just done is called ‘Model Validation’ and it assesses whether a
model has power or not. In this example, the model showed an acceptable predictive
power. The next section returns to the question of over-fitting and will discuss trade-
offs between precision and over-fitting. In particular, it will discuss the question of
how to improve model prediction.

It is interesting to note that all the modelling we have done only used time-
series data for progesterone, not cholesterol. This is one advantage of linear system
identification: the model can be obtained from input-output data alone, with no
need to measure every single state involved with the output (in our case we have
three states—see Appendix). Once we have a model, only input data (i.e. exogenous
quantities that excite the system in our hypothetical experiment) are needed for
prediction (assuming zero initial conditions).

9.2.3 Hidden States and Model Selection

Consider again our starting example. The single reaction description (9.1) is a simpli-
fication of a more involved biochemical pathway. There is at least one intermediate
state in the chain, which is the steroid hormone ‘pregnenolone’ (see Fig. 9.7). Incor-
porating pregnenolone into the chemical reaction model yields
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where X represents cholesterol, X, pregnenolone and X3 progesterone.

Considering the action of pregnenolone, the actual model should be of at least
3 variables (3rd order). We can impose this structured condition on PEM with the
command

m = pem(data, 3);

The new model generates the simulation shown in Fig. 9.8. It is clear that there is
a much better fit between this model and the data than the single reaction 2nd order
model. The new fit is 90 % (compared with 84 % for the 2nd order model). Since
increasing the order improved the fitness, it seems natural to consider adding other
intermediate steps in the chemical process: perhaps the real system is 4th order, with
another hormone somewhere in the chain. If we estimate a 4th model for the data and
simulate it, we obtain an even better fit (92 %; Fig. 9.9). It turns out that a 5th order
model would have an even better performance (94 %), and so on. In fact, increasing
the order of the model can only improve the overall fitness. A higher order system,
however, implies more parameters to estimate, which in turn means more degrees
of freedom. There are clear trade-offs here. How much information does the dataset
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provide? How many parameters can we justifiably estimate? And when do we stop
fitting the dynamics in the system and start fitting noise?

In the last example, we noticed how increasing the model order helped achieve
a better fit of the data. These extra state variables are called ‘hidden states’ and
represent intermediate steps in the biological process that we have no measurements
of. The ability to infer the presence of intermediate reactions is a very powerful
feature of linear SId. The more hidden states the model has, the more flexibility there
is in the estimation process. However, if we are not careful, a model might end up
with more states than the real system. This is why we need a method to select the
order of the model. This process is called ‘Model Selection’ and it generally uses
an information criterion that takes into account the goodness of fit and penalises
the number of estimated parameters. Higher order models have naturally a better fit
(higher flexibility) but also a bigger number of parameters.

A common approach to quantifying the compromise between goodness of fit
and over-parametrisation are information criteria. The most common information
criterion in the literature is the Akaike Information Criterion (AIC) [1], which is
defined as

—  2d 2(d—1logV
AIC = logVy + — + % 9.17)

where V y is the value of the cost function [Eq. (9.6)], d is the number of estimated
parameters and N is the number of datapoints in the set. Low values of AIC corre-
spond to a good balance between small values of the cost function and small numbers
of parameters. In practice, we compute the AIC for a range of different model orders
and compare them. The AIC values should decrease every time a higher order model
has a significant fitness improvement. When they stop decreasing, then we might
have reached a good candidate. There will be a point past which additional para-
meters serve only to increase the fit to the data by a small amount, which translates
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Table 9.1 AIC coefficients

. Order AIC coefficient Fitness (%)
corresponding to model of
different orders 2 0.13 84
3 —22.64 90
4 —22.55 92
5 —22.38 94

into an increase in the AIC score. This is an example of over-fitting, as discussed in
Sect.2.1.

Returning once more to the example, by fitting models of different orders we
obtain the AIC coefficients in Table 9.1. This analysis suggests that the best model
order is 3. Adding extra hidden states does not improve the AIC score. This is a
consequence of not being able to significantly improve the fitness after the third
order model.

9.2.4 System Identification for Noisy Measurements

So far we have seen how to estimate and validate a model, based on artificial data.
In real life, however, noise is present at different levels in experimental data and
can make modelling very challenging. Noise can be a consequence of inaccuracies
in the measurement devices, stochastic process variations (intrinsic), environmental
fluctuations (extrinsic), etc. In LTI systems, noise is typically incorporated into the
model as:

X =Ax+ Bu+ Ke (9.18)
y=Cx+Dy+e (9.19)

where the variable e is a random signal, typically assumed to be white (Gaussian)
noise, i.e. e(t) ~ N (0, 0'2), where o2 is the variance of the signal.

To take into account noise in the estimation of a model, we use the following
code:

m =idss(A, B,C, D, K); (9.20)
m2 = pem(data, n). (9.21)

where K is a vector with the same number of columns as the number of states. In a
sense, system identification seeks to distinguish between the true signal and noise.
This feature is extremely relevant in a biological environment, where the observations
are usually subject to different sources of noise.

In this more general setting, PEM is more likely to fail to converge. Noisy signals
and high order models generate hard optimisation problems and cost functions with
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result). However using C as starting point will result in the correctly optimized solution

several local minima. A local minimum is a value that is the lowest in its neigh-
bourhood, but not necessarily the lowest in the parameter space. Many optimisation
algorithms methods work by moving ‘down hill’, and consequently are prone to get-
ting stuck at local minima. Upon reaching a local minimum, the algorithm stops as
it cannot ‘climb up’ back on top and look for a better minimum (see Fig.9.10). The
PEM method uses gradient-based optimisation, and so suffers from the drawbacks
just described.

One way to get around local minima is to try several different initial conditions
for PEM and then choose the estimated model with the highest fit (e.g. expectation
maximisation (EM) algorithms [5]). Different starting points for the algorithm might
‘lead’ to paths that avoid local minima (see Fig.9.10). While this still does not
guarantee a global solution to the problem, it usually improves the performance with
respect to a single PEM run.

9.2.5 A Noisy Signal Example

Let us go back to our main example, this time with a more realistic scenario that
includes noise (however, we use the same input data as before). Our time-series data
could look like Fig. 9.11.

We define the model structure as in Eq. (9.20) and then use PEM to estimate the
best model for orders from 2 to 5. Each model is estimated 20 times using different
initial conditions to avoid local minima. Depending on the fit, the best candidates
are selected for each order. Resulting simulations are shown in Fig. 9.12.
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To validate the models, we use a noisy version of our previous validation set
(Fig. 9.13). The validation process in this case is really important as all the models
are able to closely reproduce the estimation dataset. Simulations of the validation
sets are depicted in Fig. 9.14.
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The process of model selection is not an easy task in this case. ‘By eye’, there does
not appear to be a significant improvement between the models, suggesting we should
favour simplicity and opt for the second-order model. Appealing to the quantitative
metrics introduced above, we can use the ‘compare’ command in Matlab™, and
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Table 9.2 Summary of the fitness for estimation and validation dataset and AIC coefficients (cal-
culated for the estimation dataset) for model from the 2nd to the 5th order

Order Fit for the estimation set Fit for the validation set AIC coefficient
2 83.16 62.46 —7.01

3 85.4 69.37 —7.028

4 85.67 69.47 —7.021

5 86.73 70.13 —6.99

calculate the AIC coefficient (see Table 9.2). There is only a small difference between
the AIC coefficients of the 3rd and the 4th order models. Also, an extra state variable
(5th order) does not add any extra information and the best AIC score is achieved
using the 3rd order model. Therefore we are left with the choice of either 2nd order.

At this point, any further conclusions become subjective. One could argue that the
delayed behaviour of progesterone) showed in the two data sets (both progesterone
and cholesterol time series remain flat for the first 2 h despite a non zero input) is not
correctly reproduced in a second order model. This feature is indeed more evident
in the third order model simulation. To correctly conclude the exercise, we should
think about what the most important biological features are (like if all the steps in the
chain must be considered or if other inputs might play a role, etc.). We mentioned the
delay, but perhaps there are other features that the model must be able to simulate.
This is when biological insight comes into play.

The real model used to generate the data was a third-order model, and included
nonlinearities and delays (see appendix). For these reasons, it was not possible to
find the exact parameter values of the original system using a linear model. However,
the obtained models (2nd or 3rd-order models) were reasonably close in terms of
model order and could simulate the main features of the data.

9.2.6 Limitations of System Identification

System identification, when used carefully, can be an extremely powerful technique
to elucidate the dynamics of a system. We would like to conclude this tutorial by
giving some advice and warnings on the limitations of this method. We stress the
fact that a model should be built from the information contained in the data and
in any prior knowledge of the system. It is essential to have very informative data
that covers as many experimental conditions as possible. Next we explain what very
informative data mean.

In the frequency domain, a signal is decomposed into a sum of sine waves each with
a different period. If the frequency is more relevant than others, then stimulating the
system with the corresponding sine wave will produce a larger response. Naturally,
a model will be more reliable at the frequencies that comprise the main components
of the input signal used in the estimation process. Consequently, the reader should be
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careful in choosing the dataset for the estimation process. For example, the response
of a system to a periodic input is likely to provide information only around its specific
period; a model obtained from this data is likely to have a very low predictive power
away from that frequency.

Model selection favours simplicity. If a low order model has a good fit with the
data and can reproduce the qualitative features of the validation set, then the model
estimation process can stop. Increasing the model order should only be done to
achieve a better qualitative simulation. Trying to achieve a perfect fit will likely lead
to over-fitting instead of improvement, and it risks obtaining a model that reproduces
the data but not the real dynamical system.

In previous sections, we introduced the problem of local minima. Noisy signals
or high order models can results in cost functions with several local minima, which
cause optimisation algorithms to struggle to converge to an interesting solution. Also
forcing a structure on the model might have this result.

Finally, most systems in real life are nonlinear. Thus a natural objection to lin-
ear modelling is that it inherently can’t describe aspects of the system. However,
depending on the particular application, linear systems have demonstrated to be very
good approximations of nonlinear systems. In those cases, and given their relatively
simplicity, it makes sense to prefer this class of systems to nonlinear systems if they
can provide good predictions.

9.3 Biological Examples of Successful Application

To conclude this chapter, we will present two examples of successful applications in
the literature of linear system identification. The first is based on the paper ‘Achieving
Stability of Lipopolysaccahride-Induced NF-«B Activation’ [3] from the Baltimore
laboratory (California Institute of Technology), and the second is based on the paper
‘Correct Biological Timing in Arabidopsis Requires Multiple Light-Signalling Path-
ways’ [4] from the laboratory (University of Cambridge, UK).

9.3.1 Modelling the NF-kB Signalling Pathway

The NF-«B signalling pathway is a key process for gene regulation in inter- and
intracellular signalling, cellular stress responses, cell growth, survival, and apoptosis.
Deciphering its temporal and specificity control is therefore of the utmost importance
for a better understanding of cell physiology. The Baltimore lab has been working on
this pathway for several years and the paper [3] is an example of how mathematical
modelling can be used to speed up the process of experimental science.

In mammals, NF-« B is a transcription factor that is involved in multiple regulatory
pathways. Itis involved in metabolic processes like inflammatory responses, immune
system development, apoptosis, learning in the brain, and bone development. Aber-
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Fig. 9.15 Feedback of the NF-« B signalling pathway [6]

rant NF-«xB activity has been linked to oncogenesis, tumour progression, and
resistance to chemotherapy. Understanding NF-«B activation is therefore very
important in cancer research. A previous study by Baltimore’s lab [6] gives a descrip-
tion of how the I« B-NF-«B signalling module might work. Using a combination of
computational models and experiments, they elucidated the strong negative feed-
back loop involving the protein complex I« B that allows a fast turn-off of the NF-«B
response. Ik B holds NF-«B inactive in the cytoplasm until IxB is degraded by the
IKK complex, which is activated by cell stimulation through TNF« expression. NF-
kB is then free to translocate into the nucleus where it activates several pathways,
including synthesis of IkB proteins (I«Ba, I«BB and IxBe) that in turn control
NF-«B activation. This feedback is represented in Fig. 9.15.

NF-«B shows damped oscillations as a result of this regulation. In [6], the feedback
pathway was represented with the following model:

ax _ g B (9.22)
2 = ax — By .
dy 5 (9.23)
—_— =YX — .
=yx—dy

where S represents the stimulus (the input). The model structure tells us immediately
that we are describing a feedback system, since both differential equations depend
on both x and y. The strength of the feedback is determined by the parameters «, 3,
y and 4. In particular, two parameters determine the damping of the system: large
oscillations (high feedback power) corresponds to low values of « and §, and a quasi
steady state behaviour (high damping) corresponds to high values of « and §. These
parameters were estimated using a combination of known association rates and the
application of system identification to experimental data.
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Fig. 9.16 Feedback system of the TLR-4 pathways to NF-«B expression [3]. Figure taken from
[3], with permission

Following this first model, new components of this feedback regulation were
discovered and a more complete description was sought. The starting point of this
new study was that cells stimulated with lipopolysaccharide (LPS) showed non-
oscillatory dynamics with respect to active NF-xB. Therefore LPS must be involved
in its regulation.

LPS activates expression of the gene TLR4, which has two downstream pathways,
both of which regulate NF-«B. One pathway is MYD88 dependent, and it has been
almost completely described as an activator of IKK synthesis. The other pathway
had not yet been fully understood, but it has the same end result of degrading I« B in
the TNFu-activated pathway and acting through an adaptor called Trif.

Analysis of experimental results showed that the MYD88-dependent pathway
occurs earlier than the independent one. If both pathways are inactive (MYD88
and Trif-null double mutant), there is no NF-«B activation, while each single null-
mutation results in NF-«B oscillations. The observed NF-« B oscillations could be a
result of an interaction between these two pathways.

Covert et al. [3] tested the hypothesis that NF-«B oscillations are a result of the
IKK complex being activated at different times in each pathway. Either the two path-
ways share similar kinetics, which prevents them from progressing simultaneously,
or the MYD88-independent pathway requires more steps.

To rule out one of the two possibilities, linear models representing each of the
two pathways were built and added to the previous model of the NF-xB-IkB sig-
nalling module in a feedback loop. The two models were estimated using a first order
structure and empirically determined protein concentration as driving dataset.

The model shown in Fig. 9.16 points out that the kinetics of the two linear models
are indeed very similar (by simple comparison of the coefficients) but that a delay
of about half a hour is required for the Trif pathway to reproduce the data correctly.

Being the minimal model (1st order), some predictions are not confirmed in the
experimental process (for instance, discrepancies in the period for IkBa protein
synthesis). However, the predictive power of the model is quite significant as it
correctly predicts oscillations of I«Ba protein level in MYD88-null and Trif-null
mutants, but not in the wild-type. Hence, they tested the hypothesis of a longer
kinetic pathway as cause of the delay in the Trif-dependent signalling. Experimental
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evidence shows that the MYD88-independent pathway does indeed require protein
synthesis (longer kinetic).

They isolated the components of the Trif pathway, finding the transcription factor
IRF3 and the known protein TNFu« to be part of the down-regulated cascade (see
Fig. 9.17). It is compelling that a very basic model (1st order linear system with a
delay) can provide information on a complex multi-input system. The underlying
biological system undoubtedly incorporates nonlinear behaviours and hence cannot
be completely represented by a linear model. However, a simple LTI scheme cap-
tures its most important features, the delay in the MYD88-independent pathway.
This shows that additional complexity, in general harder to characterise, is also not
required to explain the interdependence of Ix B and NF-«B signals.

9.3.2 Regulation of [ Ca?* Jeye by Light and the Circadian Clock
in Arabidopsis

Circadian clocks confer the ability of an organism to align its physiology with the
daily rotation of the planet, which leads to 24 h periodic cycles in light availability
and temperature. This ability is a result of genetic networks that generate autonomous
oscillations and provide rhythmic cues to downstream gene expression and signalling.
Arabidopsis thaliana is a model organism for plant biology because of its relatively
small genome and short lifecycle. The circadian clock of A. thaliana has been stud-
ied closely and many of its features are well understood. A number of essential
clock components have been identified, including CIRCADIAN CLOCK ASSOCI-
ATED 1 (CCA1), LATE ELONGATED HYPOCOTYL (LHY), TIMING OF CAB2
EXPRESSION 1 (TOC1) and GIGANTEA (GI), which all play a role in sustaining
circadian oscillations [8]. Both experimental and computational analyses have driven
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progress in uncovering the interactions between clock-associated genes that leads to
robust timekeeping in A. thaliana. Recent computational model of the clock likens
the genetic network to the classical repressilator mechanism, incorporating multiple
negative feedback loops of transcriptional control [11].

In this section, we will describe our previous work that used system identification
to understand how circadian clocks and light signalling pathways contribute to the
regulation of physiology in A. thaliana [4]. The external coincidence hypothesis
proposes that the phase of a circadian regulated gene is the result of a coincidence
between the phase of the main oscillator and the light/dark cycle. On the other hand,
the internal coincidence model proposes that light entrains two different rhythms in
the main oscillator (morning and evening loops) and the relationship between the
two defines the phase of the output.

In order to test the two hypotheses, we sought to understand and quantify the
regulation of the concentration of cytosolic-free Ca?* ([Ca2+]cyt), an important sig-
nalling ion in cellular organisms. Previous experimental analyses had shown that
[Ca“]cyt is regulated by both the circadian oscillator and light signalling and that
the phase of circadian [Ca2+]cy[ oscillations changes in response to photoperiod
[12]. Moreover, plants lacking CCA1 had no circadian oscillations of [Ca2+]cyt,
despite there being (albeit short-period) oscillations in other clock outputs. As no
other essential biochemical components involved in regulating [Ca2+]cyt had been
identified, we constructed a model of [Ca2+]cyt with two inputs: light and CCA1
expression (Fig.9.18a). This corresponds to the incorporation of light at two lev-
els, as CCALl expression is itself regulated by light. Since the signalling pathways
linking the inputs to [Ca2+]cyt were not well understood, several model orders were
compared. Moreover, varying timescales in the regulation by CCA1 and light were
considered by introducing delay parameters, a method that helps reduce model order
as simple delays can account for the internal complexity of each state variable.

Estimation was done using data from a single experiment, where input (CCA1)
and output ([Caz+]cyt) measurements were collected in 12 h light/12 h dark cycles
(12L/12D) followed by an extended period of constant dark (Fig.9.18b). This was
a dynamically useful choice of input as it corresponds to a square wave followed
by a step function, and consequently excites all frequencies. Validation was then
conducted on three datasets with different light/dark conditions to assess model per-
formance (Fig.9.18c—e). A weighted correlation metric was used to determine the
optimal model order in terms of the predictive ability of the model, which sug-
gested a necessary role for a single hidden variable (hereafter referred to as X2).
The selected model successfully predicted the behaviour of the CCA1 null muta-
tion against experimental data, providing further support for the model and the LTI
system identification approach (Fig.9.19a).

As the purpose of system identification was to elucidate the signalling pathway
leading up to [Ca2+]cyt the next step was to understand the role of X2 in the model.
A mutation in the X2 component was simulated in 16L/8D cycles and compared
with experimental data measuring a variety of genetic mutants in corresponding
conditions. A close match was observed with the PHYTOCHROME A (PHYA)
mutant, phyA-201 (Fig.9.19¢). PHYA is a red light photoreceptor and mediates far
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Fig. 9.18 Constructing an LTI model for the circadian regulation of [Ca2+]cyt. a Schematic for the
model structure; b simulation of the estimation dataset using the selected model; ¢ model validation
using [Ca2+]cy‘ expression measured in 12L/12D and then constant light; d, e model validation
using [Ca2+]cyl expression measured in light condition 16L /8D and 8L /16D, respectively. This
figure is reproduced from [4]

red light signals to the clock [10]. However, PHYA was not the only candidate for X2.
Blue light seems to be required for the decrease of [Ca”]cyt at the end of the light
period, as in cycles of red-light and dark, [Ca2+]cyt progressively increases during
each circadian period (Fig.9.19d), as opposed to the stable oscillations observed in
white light cycles. Simulations of the x2 mutant showed similarities to experimental
data of the blue light receptor mutant ztl-1 (Fig.9.19e, suggesting that X2 may
represent more than one biochemical component (Fig.9.19f). We concluded that X2
might represent the circadian regulation of light signalling pathways as it describes
time dependent effects of light input.

To investigate the importance of timing of the inputs, Bode analysis was applied
to the model (Fig.9.20). In order to use a Bode plot, the input is decomposed into
a sum of sinusoidal signals with different periods. Each of these periodic signals
causes a different response in the output. Each period is then plotted against its
unique response. In this case, it was found that the CCA1 input dominates over the
light signal at almost all frequencies but especially at lower ones (low frequencies
corresponds to long period oscillations). This suggests that light input only modulates
[Ca2+]cyt over faster variations in light availability.

To determine whether rapid light input regulation could be a more general phenom-
enon, the whole rhythmic transcriptome (3,503 genes) of A. thaliana was explored
using LTT models and Bode analysis. Models were estimated using CCA1 or TOC1
and light availability as inputs, and published microarrays as driving data. Validation
was then conducted by evaluating a combination of fitness over multiple datasets
(1,083 models using CCA1 and 460 using TOC1). CCA1 proved to be a more suit-
able driver for the models, with the majority of TOC1-driven models also performing
well with CCA1 as input. We conducted Bode analysis on the resulting models. Mag-
nitude plots that resembled (same or smaller difference in magnitude between the two
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inputs pathways) Fig. 9.20 were classified as being coregulated by light and CCAL1.
Light- or clock-dominated regulation was defined for higher magnitude differences.
Our results agree with experimental evidence, showing that genes like LHY, PRR5/7
or GI are coregulated by light and the clock. We compared model classes and the
phase of peak transcript abundance in daily regimes with long photoperiods (16L/8D)
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and short photoperiods (8L/16D). We concluded that clock-dominated transcripts are
associated with morning expression independently of the photoperiod, while light-
dominated and coregulated models have altered peak times and generally peak later
in the day/night.

Using system identification applied to LTI models, and tools from Control theory,
it was possible to understand the timing of the regulation, its frequency response, and
predict biochemical components and their specific roles in mediating daily control
of [Ca2+]cyt. We demonstrated that the observed oscillations of [Ca2+]cyt are a result
of a combination of rapid light signals and circadian inputs. As the two inputs act at
different timescales, and are mediated by a single autonomous oscillator, this case
study supports the external coincidence hypothesis. Moreover, the significant speed
of this system identification technique allowed us to perform genome-scaled analysis
and to give a complete characterisation of the whole rhythmic genome.

9.4 Summary

This chapter explained the main ideas behind SId and and showed how to construct a
model from input/output data. The process of model estimation is the first step of the
machinery. We showed how this can be achieved by minimising a cost function using
an optimisation algorithm. Prior knowledge of the system can be incorporated in the
process by constraining specific structures and/or initial conditions. The optimisation
algorithm is the weak point of this procedure as getting stuck in local minima could
be a major limitation. In order to be reliable, estimated models need to be flexible
and correctly reproduce different datasets. This is addressed in the model validation
procedure. The model is tested with a new input/output set from the same system.
This new performance should be comparable in terms of fitness to the one obtained
with the estimation dataset. Model validation is fundamental to prevent over-fitting,
which can sensibly reduce the model predictive power.

Once models of different orders have been estimated and validated, we need to
select one as our best representation of the system. There are several criteria that
can be used for model selection. We have seen fitness comparison and the Akaike
Information Criteria. We also mentioned how some qualitative biological features
can be used as thresholds. When the models performs approximately equally, then
the simplest model has to be preferred.

Finally, we discussed some of the limitation of SId. Local minima, over-fitting
and nonlinearities are the main drawbacks of using LTI models. The key idea is that
a good model extracts as much information as possible from data. Informative non-
noisy data are more likely to result in reliable models, while sparse and corrupted
signals produce models with limited predictive power and unfit for further analysis.
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9.5 Model Used in Simulations

The dataset of progesterone and cholesterol concentrations introduced in this chapter
were simulated using the following model:

d

% = —5.3x(1 — 0.05) + 3.1x2(t — 0.05) + 2.7u(t — 0.05) (9.24)

dxs L —0.05

=2 = 53110 = 0.05) = T.9m(t — 0.05) +2.Tx3(r — 0.05) + e~ 200
(9.25)

d

f — 4.8xy(f — 0.05) — 2. 7x3(t — 0.05) (9.26)

This model has 3 states, 2 representing progesterone and cholesterol concentration
and one representing the internal steps of the process. This additional state is a hidden
variable and explains why a 2nd order model description wasn’t enough to describe
the data.

This model is not meant to represent every single detail of the steroidogene-
sis process, but instead to capture some of its interesting features and with enough
dynamic behaviour to illustrate the system identification features. Here, delays repre-
sent either unknown pathways and/or delays in the reaction time, while nonlinearites
describe fast activation processes. The initial conditions used to generate the data
for the noise-free and the noisy estimation in Figs.9.2 and 9.11 are (10, 1, 1). The
noise was drawn from a random normal distribution with mean 0 and standard devi-
ation 1/10.
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Chapter 10
Model Checking in Biology

Jasmin Fisher and Nir Piterman

Abstract Model checking is a technique to check whether programs and designs
satisfy properties expressed in temporal logic. Such properties characterize sequences
of events. In recent years, model checking has become a familiar tool in software
and hardware industries. One of the main strengths of model checking is its ability
to supply counter examples: in case that the property is not satisfied by the model we
get an execution exhibiting this failure. Counter examples are fundamental in under-
standing, localizing, and eventually fixing, faults. This, together with the relative
ease of use of model checking, led to its adoption. The success of model checking
prompted system biologists to harness it to their needs. In this domain, the main
usage is to have a model representing a certain biological phenomenon and to use
model checking for one of two things. Either prove that the model satisfies a set of
properties, i.e., reproduces a set of biological behaviors. Or to use model checking
to extract interesting behaviors of the model by looking for a counter example to the
property saying that this interesting behavior does not happen. In this chapter we
present the technique of model checking and survey its usage in systems biology.
We take quite a liberal interpretation of what is model checking and consider also
cases where the techniques underlying model checking are used for similar purposes
in systems biology.
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10.1 Introduction

Biological systems are extremely complex reactive systems. They operate as highly
concurrent programs with millions of entities running in parallel and communicating
with each other under various environmental conditions. Understanding how living
systems operate in such harmony and precision, and how this harmony is being
disrupted in disease states, are key questions in biological and medical research. Due
to their enormous complexity, the comprehension and analysis of living systems
is a major challenge. Over the last decade various efforts to tackle this problem
of enormous complexity concentrate on a new approach called Executable Biology
focused on the construction and analysis of executable models describing biological
phenomena (for a review see [19]).

Over the years, these efforts have demonstrated successfully how the use of formal
methods can be beneficial for gaining new biological insights and even directing new
experimental avenues. At the core of these models lies their ability to be analysed
by model checking [15]. In the context of biological models, model checking can be
used in two ways:

1. Testing and comparing hypotheses. Computational models represent hypotheses
about molecular and cellular mechanisms that result in experimental data. Exe-
cutions of these models can be used to check if a possible outcome of these
mechanisms conforms to the data. Due to the nondeterministic nature of these
models, each repeated execution may yield a different possible outcome. There-
fore it is impossible to check by executing these models if all possible outcomes
conform to the data. This, however, can be done by model checking, as model
checking systematically analyzes all of the infinitely many possible outcomes of
a computational model without executing them one by one. If model checking
tells us (a) that all possible outcomes of the computational model agree with the
experimental data, and (b) that all experimental outcomes can be reproduced by
the model, then the model represents a mechanism that explains the experimental
data. If (b) is violated, then the hypothesis that the computational model captures
a mechanism for explaining the data is found to be wrong. In this case, either the
model must be enriched as to produce the additional outcomes that are present
in the data, or completely revised. If (a) is violated, then the situation is more
interesting. In this case, the mechanistic hypothesis represented by the model
may be wrong, and one may attempt to restrict the model as to not produce out-
comes that are not supported by the data. Alternatively, the experimental data may
be incomplete and not exhibit some possible observations that would show up if
more data were collected. Thus, in case (a), model checking can offer suggestions
for additional, targeted experiments that would either confirm or invalidate the
mechanistic hypothesis represented by the computational model (Fig. 10.1).

2. Querying the behaviour of mechanistic models. Once a model has been tested
and compared against hypotheses, it can also be queried by searching for inter-
esting executions. By stating that a certain property holds for all executions, or
by stating that a certain property does not hold for all executions, we can either
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Fig. 10.1 Methodology of using model checking. One possible methodology for using model
checking is by comparing mechanistic models to specifications. A formal model that represents a
hypothetical understanding of the system under study is constructed (model). Results of experiments
are formalized in the form of specifications (observations). Model checking is used to ensure that
the model reproduces the experimental observations. Mismatch with experimental observations
suggests that the model is lacking and should be refined by additional information. Match with
experimental observations could lead to further querying and testing of the model to suggest further
experimental studies

validate or falsify specific predictions about the behaviour of the model. By phras-
ing queries such as which molecular events may lead to specific cell behaviour,
we can also determine what part of the execution allows this kind of events.

In this chapter we give an introduction to model checking and the techniques
underlying it. This is in the hope that practitioners will understand better the tech-
niques and what can be done with them. In particular, recent algorithmic progress
shows that with good understanding of the underlying techniques further types of
analysis can be accomplished using model checking techniques. We also give exam-
ples of instances where model checking was used in biological modeling to demon-
strate a flavor of the results that can be achieved by using model checking. In particu-
lar, in some cases, usage of model checking led to new biological insights, shedding
new light on signalling crosstalk.

10.2 What Is Model Checking?

In this section we introduce the mathematical concepts underlying model checking.
Model checking is a technique that checks whether all the computations of a system
satisfy a property. In order to be able to answer this question we have to create a formal
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model of the system and formally state the property. In this section we introduce
the underlying formal concepts and the formal definition of model checking. We
start by introducing transition systems, which will be used to represent the possible
computations of a model. We then proceed to explain temporal logic and conclude
with an explanation of what is model checking.

10.2.1 Transition Systems

The concept of a transition system is a fundamental concept of computation. Here,
we are going to refer to a transition system representing some machine. However,
in the context of this chapter, the machine is usually a model of some biological
machinery. A transition system has states, which represent snapshots of the status
of the machine, and transitions, which represent the possible change of status of the
machine. For the sake of model checking additional annotations are required and
these are usually put on the states in the form of propositions, which are basic facts
about the world of the machine that could be either true or false in a given state.

A transition system is .7 = (S, T, So, &2, L) with the following components:

e .7 is the name of the transition system.

e S is the set of states of .77, every state s € S represents a possible snapshot of the
machine. The set Sy is a subset of S of initial states indicating in which states can
the machine start an execution. For the purpose of presentation of model checking
we are going to concentrate on transition systems with a finite number of states.

e T is the set of transitions formally represented as a set of pairs of states, i.e.,
T C § x S. For states s and ¢, having (s,7) € T means that the machine can
change from state s to state ¢.

e 7 is the set of facts that are observable in a state of .7. The labeling function L
associates with every state the facts that are true in that state. Formally, L: § — 27
is a function that associates with every state the set of propositions that are true in
it. By elimination, all other propositions are false in that state.

Given this notion of a transition system we are now ready to define what are
computations of a transition system. Intuitively, a computation is a sequence of
states that starts in an initial state and proceeds by taking permissible transitions.
More formally, a path 7 is a sequence sg, 1, ... such that all transitions are in T,
i.e., foreveryi > O we have (s, s;y+1) € T. Apathw = s9, 51, . . . is a computation if
in addition s is initial, i.e., so € Sp. We note that paths and computations are infinite.
Thus, we assume that all states have at least one outgoing transition. This is a usual
assumption in model checking as it makes it simpler to avoid many technicalities.
One can reintroduce the concept of finite runs by adding a special finish state with a
self loop and considering runs that end in an infinite sequence of visits to finish as
finite. A computation or a path induces a sequence of labels representing the change
in the status of the different facts about the machine that interest us. Instead of looking
on the sequence s, 51, . . ., we could look on the sequence of labels L(sg), L(s1), ...,
where L (s;) is the set of facts that are true in state s; (and the rest are false). We call
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the sequence of labels a run and denote it by » = L(so, §1, ...). When the run is
induced by a computation we say that it is initialized.

10.2.2 Temporal Logic

We now turn to the definition of a languages to give “interesting” properties about
the transition system. Essentially, we would like to be able to describe qualities of
the transition system or its computations. The ultimate goal (to be visited in the
next subsection) is to check whether a transition system satisfies a given property.
That is, whether the machine described by a transition system has this quality or
not. We distinguish between two languages to describe properties of systems. The
first, called linear temporal logic views a system as the sum of all of its possible
computations. The second, called computation tree logic views the entire transition
system as the embedding of the machine. Here we choose to expose both as each has
its own advantages and both have been used in the context of biological modeling.

We start with linear temporal logic (LTL for short), which was introduced by
Pnueli in the late 1970’s [29]. As it’s name suggests it takes the first approach of
viewing the system as the sum of all its computations. An LTL formula is going to
use the basic facts about states (i.e., labels) and combine them in ways that say things
about sequences. Then, we define when an LTL formula is satisfied by a single run.
Finally, an LTL formula will be satisfied by the transition system if all possible runs
of the transition system satisfy it.

As mentioned an LTL formula can use one of the basic facts in P. It can use one
of the following operators.

e Next, denoted 2, a unary operator saying that its operand is true in the next state.
e Until, denoted %, a binary operator saying that its first operand must hold until
its second operand holds.

Always (or globally), denoted ¢, a unary operator saying that its operand is true
in all future states (including current).

Eventually (or finally), denoted .%, a unary operator saying that its operand is true
in some future (or current) state.

In addition, LTL uses the usual Boolean operators not, denoted —, conjunction,
denoted A, disjunction, denoted Vv, and implication, denoted —.

Thus, an LTL formula is constructed hierarchically from simpler formulas. For exam-
ple, the formula & (p — 2 q) uses the basic facts p and g and says that in all states
of the computation if p holds in a state then ¢ must hold in the next state. Similarly,
9 (p — p q) says that whenever p holds, it must hold continuously until a later
time when ¢ holds.

We now make the intuition regarding when a formula holds in a computation
formal. For that, we start with a definition of when a formula holds in a specific run
in a specific location. The definition builds truth values according to the hierarchical
structure of the formula. That is, basic facts (propositions) can be deduced from
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the label. Then, the truth of more complicated formulas is constructed from that of
simpler formulas. Consider a run r = [y, I, ... over 2. That is, every [; is a set of
basic facts that are true at time i (and all facts in &7 — [; are false at time i). The
following list defines when an LTL formula ¢ is satisfied in r at time i, denoted
r, i = ¢, and when it is not satisfied, denoted r, i [~ ¢.

e If ¢ is a proposition, thenr,i =g ifo € jandr,i =@ if ¢ ¢ ;.

e Ifpis—ythenr,i =¢@ifr,i Y andr,ilEeifri =.

elfpisyy AYpthenr,i =@ifr,i =y andr,i = Yy and r,i [ ¢ if either
ri Eyorr i =Y.

e Ifpisyy viynpthenr,i = gifeitherr,i = Yorri = Yoandr,i &= ¢ if
ri =y and i = .

e Ifpisy — Yothenr,i = g ifeitherr,i = ¥y orr,i = Yo andr,i = @ if
ryi =Y andr, i = .

o Ifpis ZYthenr,i =@ifr,i+1 =y andr,i Eoifr,i+1FKE .

o If pis Y% Yy thenr,i = ¢ if thereisak > i such that r, k = ¥ and for every
i <j<kwehaver, j =Y andr,i & ¢ if for every k > i such thatr, k = ¥
thereisi < j < k suchthatr, j = ¥1.

o Ifpis¥y thenr,i = ¢ if forevery j > i wehaver, j = andr,i [~ ¢ if for
some j > i we haver, j = .

o If o is F thenr,i = ¢ if for some j > i wehaver, j =y andr,i [~ ¢ if for
all j > i wehaver, j = .

Finally, a system .7 satisfies an LTL formula ¢, denoted .7 |= ¢, if for every run
of the system we have r, 0 |= ¢. Otherwise, the system does not satisfy the formula,
denoted .7 = ¢.

We turn now to computation tree logic (CTL for short), which was introduced by
Clarke and Emerson [14]. The name of the logic derives from viewing the transition
system as producing a single computation tree, which we do not explain here. Unlike
LTL, CTL is going to take an integrative view of the system. A formula is going to be
either true or false for a state of the system. Like LTL, CTL is going to use the basic
facts about states and combine them to properties about the system. It then combines
information about the system by considering the paths that start in states and state
properties of some or all these paths. A CTL formula is satisfied by the system if all
initial states of the system satisfy it.

As mentioned CTL combines information about paths and about states. A CTL
formula can use one of the basic facts in &2. Such basic facts are state formulas. It
can use one of the following operators.

e Boolean operators A, V, =, — can be applied to formulas as in LTL.

e The temporal operators next, until, always, and eventually are combined with path
quantification E and A. Thus, CTL includes the unary operators E2°, AZ", EY,
AY, E.Z, and A.Z that can be applied to simpler formulas. The binary operators
E% and A%/ combine two formulas. The E quantifier says “there exists a path”
and the A quantifier says “for all paths”. The meaning of the temporal part remains
the same as in LTL. Thus, a formula like A2 ¢ says that all next states satisfy
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the property . A formula like E (1% ) says that from a given state there is a
path satisfying the property /1 % ;.

For example, the formula AY (p — E % ¢) says that every state where the fact p
is true that is reachable from an initial state must have a successor where the fact
g holds. Similarly, A9 A.% p means that from every possible reachable state every
way to continue we will eventually reach a state where the fact p is true.

We now make this intuition formal. As before, the definition builds truth values
according to the hierarchical construction of the formula. Every state formula defines
a set of states in which it is true. Path formulas are defined just like for LTL except
that for the set of paths that start at a given state. Similar to the case of LTL, we denote
by 7, s = ¢ if a formula is satisfied in state s of .7 and .7, s = ¢ otherwise.

If ¢ is a proposition, then 7, s = ¢ if ¢ € L(s) and .7, s [~ ¢ otherwise.

If o is =y then ,s = ¢ if 7,5 £ Y and T,s = ¢ if 7,5 &= ¢. The
definitions for formulas of the form 1 A ¥ and Y| V ¥ is similar.

If p is EZ { then .7, s = ¢ if there is a successor ¢ of s (i.e., (s, 1) € T) such
that 7, ¢t &= ¢ and 7, s [~ o if for all successors ¢ of s we have .7, t = .

If ¢ is E(Y1% Yry) then T, s |= ¢ if there is some path w = s¢, 51, ... starting
in s such that for some i we have .7, s; = ¥, and for every 0 < j < i we have
T, sj = Y2 and T, s W= g if for every path m = s, 51, ... starting in s and for
every i > 0if .7, s; = 1 then thereis 0 < j < i such that 7, s; [~ 9.

e The definitions of other temporal connectives can be completed in a similar way
by combining the path quantification with the definition from LTL.

We say that the transition system .7 satisfies a CTL state formula ¢, denoted .7 = ¢
if for every initial state so we have .7, so = ¢. Otherwise, 7 does not satisfy ¢,
denoted .7 [~ .

10.2.3 Model Checking

Model checking is the process of checking whether a formula holds for a specific
transition system. That is, given a transition system .7 and a formula ¢ (either in
CTL or LTL), to decide if the formula is satisfied by the system, i.e., whether .7 = ¢.
In the case of LTL if the answer is negative we would like to get a run of the system
that exhibits the failure of the property. That is, produce an initialized run r such that
r, 0 = o.

The algorithmic approach towards model checking reduces this problem to a
graph exploration problem. Essentially, we look on the transition system as a graph
(sometimes with additional information) and deduce from analysis of this graph the
correctness of the property. For both LTL and CTL we augment the transition system
with auxiliary information. In the case of CTL the auxiliary information is by adding
additional labels that tell us the truth values of simpler state formulas. In the case
of LTL the algorithm is more complicated and the auxiliary information requires
the addition of extra states and conditions. Here we give a short exposition of the
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addition of labels that supports CTL model checking. A detailed exposition of LTL
model checking is available for example in [2].

The algorithm for model checking CTL involves adding additional labels to the
states of the transition system. Starting with a transition system .7 = (S, T, So,
&, L) and a CTL property ¢ we show how to add labels to 7. We assume that
7 already includes labels that tell us for every subformula of ¢ in which states it
holds. Then, if ¢ is a Boolean combination of simpler operands then it is simple to
deduce the truth of ¢ from the labels on states of 7. We simply add the label of ¢ to
the states of 7. If ¢ is A2 ¥, then by assumption we have already included labels
telling us when 1 is true in states of .7. It now suffices to iterate over all states of
7. If a state has a successor not marked by v then we do not change the label of
such a state. If a state has all its successors marked by v then we add ¢ to the label
of that state. The treatment of E. 2 ¢ is similar.

We now turn to the treatment of E (1 % ;). As before we assume that the labeling
of states includes the value of 1| and . We start by marking with E (Y1 % ;) all
states that are marked by i». We then remove from our consideration states that
are not labeled by /1. Indeed, such states cannot be labeled by E (1 % v2). We
then repeatedly go over all states and add the marking E (1% yr) to every state
that has some successor marked by E (1% y2) (considering only states marked by
Y¥1). Once no such states can be found this stage terminates. The description above
sounds inefficient requiring repeated iteration over all the states. However, it can be
implemented efficiently by iterating at most once over all possible transitions.

The treatment of A (1% r2) is very similar. As before, we mark with A (1 7 yrp)
all states that are marked by v, and remove from consideration all states not marked
by 1. Then, the repeated iteration adds the label A (1% ;) to states that have all
their successors marked by A (Y% V).

The treatment of A.% ¢ and E.% v is a special case of the two cases above, where
we note that we can ignore the role of 1/;. The treatment of E4 s and A4y is by
considering the equivalences E4 vy = ~A.% —¢ and AYy = ~E.Z —r. We treat
states not labeled by ¥ as labeled by —1/.

The algorithm for model checking LTL formulas is similar to the above in the
sense that we create an algorithm that searches for paths in the graph obtained from
the transition system and an additional structure obtained from the LTL formula.

10.3 Usage of Model Checking in Biology

In this section we survey a few modeling efforts that used model checking for analysis.
We choose to highlight results that use the techniques as described above and that,
in our opinion, show how model checking can be beneficial for the analysis of
biological models. In some cases, these studies also led to the discovery of new
biological insights. Obviously, in such a short book chapter it is impossible to survey
all studies using model checking and we apologize to colleagues whose work we
could not review due to lack of space.
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10.3.1 Insights into Temporal Aspects of Signalling Crosstalk
During Cell Fate Determination

Describing mechanistic models in biology in a dynamic and executable language
offers great advantages for representing time and parallelism, which are important
features of biological behaviours. Model checking can be used to ensure the con-
sistency of computational models with biological data on which they are based.
Fisher et al. [20] have previously developed a dynamic computational model describ-
ing the mechanistic understanding of cell fate determination during the earthworm
C. elegans vulval development, which provides an important paradigm for study-
ing animal development. Model checking analysis of this model has provided new
insights into the temporal aspects of the cell fate patterning process and predicted
new modes of interaction between the signalling pathways involved. These biological
insights, which were also validated experimentally, further substantiate the useful-
ness of dynamic computational models to investigate complex biological behaviours.

Fisher et al. [20] have used model checking for two purposes. First, to ascertain
that their mechanistic model reproduces the biological behaviour observed in dif-
ferent mutant backgrounds. For that, they have formalized the experimental results
described in a set of papers and verified that all possible executions satisfy these
behaviours. That is, regardless of the order of interactions from a given set of initial
conditions, different executions always reproduced the experimental observations.
Second, they also used model checking to query the behaviour of the model. By
phrasing queries such as which mutations may lead to a stable or an unstable fate
pattern, they analyzed the behaviour of the model. Once an unstable mutation was
found, they determined what part of the execution allows this kind of mutations
by disallowing different behavioural features of the model and checking when the
instability disappears (see Fig. 10.2).

By using model checking to compare the executable model with existing exper-
imental data, Fisher et al. predicted novel interactions in the signalling network
governing vulval fate specification, in addition to predicting the outcome of pertur-
bations that are difficult to test experimentally. These insights led to suggest a revised
model with at least one additional negative feedback loop indicated by the inhibition
arrow in Fig. 10.3.

Through model checking an executable model representing the crosstalk between
Epidermal growth factor receptor (EGFR) and LIN-12/Notch signalling during
C. elegans vulval development Fisher et al. gained new insights into the usage of these
conserved signalling pathways that control many diverse processes in all animals.
While many modelling efforts use simulations that allow investigating only a few
possible executions, this work had emphasized the power of analyzing all possible
executions using model checking.
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Fig. 10.2 Order of events in stable and unstable fate patterns and experimental validation. The
upper panels show sequence diagrams. Time flows from top to bottom. Two events that appear
on the same vertical line are ordered according to the time flow. The dashed lines synchronize
the different vertical lines. All events that appear above a synchronization line occur before all
events that appear below the synchronization line. The time-order between two events that appear
on parallel vertical lines without a synchronization line is unknown. a Proposed sequence of events
leading to a stable pattern. The left time line starts with a high inductive signal (1S) and the right time
line (b) with a medium IS. b Three diagrams that represent possible sequences of events leading
to different fate patterns. ¢ Experimental validation of the loss of sequential activation in lin-15
mutants, as predicted by the computational model. The pictures visualize cell fate specification in
(¢). Elegans with blue and yellow fluorescent proteins (EGL-17::CFP and LIP-1::YFP) expressed
during activation of the inductive and lateral signaling pathways, respectively. The upper and middle
rows show examples of wild-type animals at mid and late L2 stage expressing the EGL-17 marker
in P6.p and the LIP-1 marker in P5.p and P7.p, respectively. The lower row shows examples of a
lin-15 mutant at the late L2 stage showing simultaneous expression of both markers in P5.p and
P7.p. Reproduced from [20]

10.3.2 Symbolic Analysis of Biochemical Networks

The idea to use computation tree logic (CTL) as a query language for biochemical
networks was first introduced by Fages, Schichter and colleagues in 2004. Chabrier-
Rivier et al. were the first to show the potential of using symbolic model-checking
tools to evaluate CTL queries in the context of mammalian cell-cycle control and gene
expression regulation [11, 12]. More recently, the Biochemical Abstract Machine
(BIOCHAM) tool was introduced as an environment to model and analyse bio-
chemical networks using model checking [10]. BIOCHAM is based on a rule-based
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Fig. 10.3 Conceptual model for the signaling events underlying VPC fate specification. Diagram-
matic mechanistic model for the signaling events underlying vulval precursor cell (VPC) fate spec-
ification. Inductive signal (1S), lateral signal (LS), cell fates: primary 1°, secondary 2°, tertiary 3°.
Reproduced from [20]

language that allows the user to write models of biochemical networks and perform
multi-level analysis, and a temporal logic language (CTL or LTL) used to formalize
experimental data. BIOCHAM permits continuous or stochastic simulations, as well
as model validation or revision according to a formal qualitative or quantitative spec-
ification. Consequently, BIOCHAM allows to verify that whenever an interaction or
a molecule is added to the network, the global properties of the system (expressed in
temporal logic) are conserved. In addition, it is possible to automatically search for
parameter values that reproduce the specified behaviour of the system under different
conditions.

The Pathway Logic [ 18] is tightly related to the symbolic model checking approach
as it is based on rewriting logic in order to model and analyze signal transduction and
biochemical networks, and interpret experimental data. In Pathway Logic, biological
molecules, their states, locations, and their role in molecular or cellular processes
can be modelled at different levels of abstraction. An example of an EGFR pathway
model as a Petri net is shown in Fig. 10.4a. Pathway Logic can be used to browse the
model and ask for subnets or pathways satisfying goals of interest (Fig. 10.4b) [33].

The modelling of biochemical networks with concurrent transition systems is of
a somewhat lower level than with Pathway Logic. Pathway Logic is more expressive
as it can express algebraic properties of the components, such as the associativity of
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Fig. 10.4 Model of EGF stimulation using Pathway Logic. a An impression of the Pathway Logic
Assistant (PLA) rendering of the model as a Petri net. b The subnet of all reactions relevant to
activation of Erk in response to a stimulus by EGF is obtained by making Erk1 (and/or Erk2) a goal
and asking PLA for the subnet. Reproduced from [33]

complexation. This capability can be used to infer the possible reactions of molecules
from their logical structure.

10.3.3 Insights into Signalling Crosstalk During Pancreatic Cancer

Clarke and colleagues applied symbolic model checking to study temporal logic
properties in a model of pancreatic cancer. This is the first in-silico model describ-
ing the crosstalk between six signalling pathways that have genetic alterations in all
pancreatic cancers, with the aim to investigate apoptosis (programmed cell death),
proliferation, and cell-cycle arrest. The signalling network model composed of
the EGF-PI3K-P53, Insulin/IGF-KRAS-ERK, SHH-GLI, HMGB1-NFkB, RBE2F,
WNT-b-Catenin, Notch, TGF b-SMAD, and apoptosis pathway verified temporal
logic properties encoding behaviour related to cell fate, cell cycle, and oscillation of
expression level in key proteins. The model agreed well with experimental observa-
tions as well as suggested several properties to be tested by experimentally.

10.4 Underlying Techniques

In this section we revisit the algorithms for model checking and expose some of the
techniques used to implement those algorithms efficiently. In general, we term these
techniques as graph representation and graph analysis techniques. After exposition
of these techniques we survey some results where these techniques were used for
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analysis of biological models. In this cases, the knowledge of the techniques used
by model-checking tools for the effective analysis of transition systems were used
to effectively analyze biological models.

10.4.1 Symbolic Transition Systems

In Sect. 10.2 we concentrated on the explicit representation of models. That is, every
snapshot of the status of the system was treated individually. While this approach
is very intuitive it has its limitations. Most importantly the size of models that can
be handled. For example, a moderately sized model that represents the status of 30
substances, each represented as either active or inactive, has 230 gstates, which is
about one Billion. Approaches that call for direct drawing of the possible transitions
of such a model for user inspection are hopeless. But even exploring each one of
these states automatically will incur a significant time delay. Alternative approaches
to represent the states and executions of systems have been developed [7-9]. Such
approaches are generally termed symbolic and they raise the level of representation
from that of single states to that of sets of states.

We explore an alternative symbolic representation of a transition system. A sym-
bolic transition system is 7 = (V, p, @) with the following components:

e V isaset of variables, each ranging over a fixed range R(V'). By writing formulas
over the variables in V we can represent sets of states. For example, the formula
vi > 2 A vy < 3 represents all the states where the value of v| is more than 2
and vy is at most 3. A valuation o of the system is an assignment of value to each
variable v € V such that o(v) € R(v). The language used for representing such
formulas depends on the ranges of variables. Here, we assume that all variables
range over the natural numbers or (small) sets of natural numbers. We restrict
attention to formulas constructed by taking the normal arithmetic operations over
natural numbers and variables, comparison between such expressions, and usage
of conjunction, disjunction, and negation to combine such terms to large formulas.
Thus, formulas can represent the set of valuations such that by assigning the value
of the variables into the formula it evaluates to true. In order to represent transitions
we use two copies of the variables. We take a disjoint copy of the variables V and
add primes to them V’. The primed variables represent the next values of the
variables. Thus, by writing a formula like vi = 1 — V| = 2 we impose the
restriction that whenever vy is 1 it changes its value to 2. By writing formulas over
V UV’ we can represent changes in the values of variables, or transitions between
states of the model. Thus, a pair of valuations o and o’ satisfies a formula over
V U V' if by assigning the values in o to all the variables in V and the values in
o’ to all the variables in V' the formula evaluates to true.

e Accordingly, ® is a formula over the variables V representing the initial states
and p is a formula over V U V' representing the transitions.
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It is simple to convert the symbolic representation to the explicit representation pre-
sented in Sect. 10.2. Given a symbolic transition system .7 = (V, p, ©@) and a set
of formulas ¢y, ..., ¢, representing the basic propositions about the model we can
construct the explicit transition system .7 = (S, T, Sp, &, L), where S is the set of
possible assignments to variables in V, i.e., all the valuations of .7, Sy is the set of
states/valuations satisfying the formula @, T is the set of pairs of states/valuations
satisfying the formula p. Finally, the propositions & are {¢y, ..., ¢,} and L asso-
ciates with a valuation o all the propositions that hold true in that valuation.

It seems that we have made a meaningless change of notation. However, the truth
could not be further. Now, we have a way of easily representing sets of states as
formulas. Furthermore, by manipulating such formulas we can manipulate sets of
states. For example, taking two sets of states represented by formulas ¢; and ¢,
the formula representing their intersection is ¢1 A ¢, and the formula representing
their union is ¢ V ¢,. We can check set equivalence by testing formula equivalence
and check whether the set of states represented by a formula is empty by checking
whether the formula is satisfiable. By introducing quantification over variables we
also can compute the set of successor states of a given set. That is, if ¢ represents a
set of states and p is the transition relation over variables V U V' then the following
formula represent the set of states that can be reached from ¢ in one application of p:

unprime(3V.¢p A p)

That is, the formula ¢ A p represents the pairs of valuations (o, ) such that o
satisfies ¢ and o’ is a successor of o as (o, o) satisfies p. Then, AV.¢ A p throws
away the variables in V leaving a formula over V' that characterizes valuations over
V’ such that there is some value for the variables in V such that ¢ A p holds for the
pair. Exactly the states that are successors of states in ¢. Finally, we have to translate
every reference in 3V.¢ A p to a variable in V' to refer to the same variable in V.
This is the role of the unprime. It follows that we have a symbolic way to represent
the application of the transition to a set of states. We denote this in short as next, (¢).
Similarly, prev,(¢) = 3V'.(p A prime(¢)), computes the set of predecessors of ¢.
The prime operator changes references to V toreferences to V' resulting in a formula
that characterizes all the valuations over V' that satisfy ¢. Then, adding p ensures
that we characterize pairs satisfying the transition such that the second satisfies the
formula ¢. Throwing away the variables in V' we get the desired formula.

Now we need two additional tools. Suppose that all variables in V range over
finite domains. Then, a variable v ranging over {1, ..., n} can be represented by
log(n) Boolean variables. It follows that we can think about formulas over Boolean
variables and in order to use the symbolic approach we need an efficient way to
store, manipulate, and evaluate formulas over Boolean variables. Boolean Decision
Diagrams (BDDs for short) [8] do exactly that. They are a canonical representation
of Boolean formulas making comparison between such formulas very simple. Oper-
ations such as conjunction, disjunction, and negation can be implemented efficiently.
Finally, existential quantification is done by translating it to disjunction.
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The second tool is satisfiability solving. If variables range over finite domains we
can translate them to Boolean variables as above and we need a solver for proposi-
tional formulas [7]. If variables range over infinite domains we need a theorem prover
[31] or an SMT solver [23]. We are now in position to use the symbolic representation
for analysis.

10.4.2 Symbolic Model Checking

The algorithms in Sect. 10.2 consisted of annotating states by additional markings
corresponding to the CTL formulas holding in them. Here we use formulas to rep-
resent the same.

Suppose that we have computed a formula representing the set of states satisfying a
CTL formula . This is straight forward for propositions as they are already formulas
representing sets of states. Consider a formula of the form ¢ = E.2"v. Then,
prev(y) is the formula representing the set of states satisfying ¢. The set of states
satisfying a formula of the form ¢ = A 2" is represented by —prev(—y). We have
already explained how to handle Boolean connectives and we turn now to the until
operator. For a formula E (1 % yr,) we do the following inductive process. We start
with ¢y = ¥, and then compute ¢; 1 = ¢; V(Y1 Aprev(¢;)). We then compare ¢; |
to ¢;. If they are equivalent, the process has terminated and we have computed the
formula representing the set of states satisfying E (Y| % 1), otherwise, we proceed
with another step. Similarly, A (Y% y2) is computed by iterating over ¢9 = ¥, and
dir1 = @i V (Y1 A —prev(—p;) A prev(true)). The need in adding prev(true) is
to avoid adding states satisfying i that have no successors at all, which obviously
do not satisfy A(Y1 % ).

It turns out that in practice, symbolic model checking, in many cases, outper-
forms explicit model checking. These techniques combined with BDD representa-
tions allowed model checking of hardware designs to scale to systems composed of
10120 states and more [9].

10.4.3 Path Representation

In recent years efficient satisfiability solvers and SMT solvers have been developed
[17, 27, 28]. These tools enabled a different approach to model checking. This
approach creates a formula representing a set of executions of the model. By asking
whether this formula is satisfiable we can search for paths of a certain length. Further-
more, by combining the formula representing executions with additional constraints
on the states participating in such executions we can search for executions satisfying
given conditions. For example, one could be looking for executions reaching a certain
state or set of states. Alternatively, one could search for paths satisfying a sequence
of conditions or evolving according to a certain pattern.
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Consider a system .7 = (V, p, ®@). In order to represent executions of .7 of
length n we create n copies of V. Thatis, V, ..., V,,_1 are all copies of the variables
in V each numbered with the location in the execution. A valuation to the variables
in Vp, ..., V,_1 is now a representation of n states of the system. We now create a
formula representing executions of length n by translating ® to @y, which refers to
the first copy Vj instead of V and translating p to o;, ;, which refers to V; instead of
V and to V; instead of V’. Thus, the formula P, = ©g A /\;’;02 pi.i+1 1s a formula
over the variables Vp, ..., V,_1. A satisfying assignment to the P; is a sequence of
states such that the first satisfies © (through ®g) and every pair of adjacent states
satisfies p (through p; ;41). The formula L; = &g A /\;’;02 Pii+1 A \/?;O1 Pn—1.i 18
satisfiable if there exists a looping execution of length at most 7.

10.4.4 Biological Model Analysis

We now survey results that take advantage of the techniques underlying model
checking to improve analysis of biological models. Both apply to the analysis of dis-
crete models that extend Boolean networks; Qualitative Networks (QNs, for short)
[32] and Gene Regulatory Networks (GRNSs, for short) [34]. We give a short infor-
mal introduction to these formalisms and explain how model checking techniques
are used to analyze them.

We give a short exposition of QNs and how they give rise to transition systems. A
model in Qualitative Networks includes variables that represent the concentration of
proteins as a discrete value in a (small) fixed range. Changes in variable values are
gradual allowing them to increase or decrease by at most 1 in every step of the system.
Mathematically, a QN Q includes two components (V, T): Theset V = {vy, ..., v,}
is a set of variables each ranging over a finite range D(v;) = {j, ..., k} € N, e.g,,
{0,1,2,3}. The set T = {11, ..., T,} include target functions for all variables. A
state of Q is an assignment s : V — N such that for every i we have s(v;) € D(v;).
Let S denote the set of all possible states of the QN. Each target function T; € T
associates the target value of variable v; for every state of the system. Formally,
T; : S — D(v;). Intuitively, in state s € S, variable v; will change to get to the
value T;(s), however will do so in increments/decrements of 1. It follows that a QN
Q gives rise to a transition system ﬁQ =(S. 4,8, 7, L), where the components
of Jp are as follows.

e S is the set of states as explained above and all states are initial.
e A is the set of transitions that associates with state s the successor s’ such that for
every variable v; € V we have

s()+1IfT(s) >s(v;) and s(v;)+1 € D(v;)
sSw)=14sw)—1IfT(s) <s(v) and s(v;) —1 € D(v;)
s(v;) Otherwise
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e The set of propositions &2 isv; = j forv; € V and j € D(v;).
e The labeling L associates with a state s the propositions v; = s(v;) for every
V; € V.

Thus, the transition system updates all the variables in the system by allowing them
to pursue their target by a change of at most 1. The basic facts labeling each state of
the model are the values of the different variables.

One of the most interesting questions regarding qualitative networks has been that
of stabilization. A network is called stabilizing if there is a unique state s such that
A(s, s) and for every other state 7 it is impossible to get from ¢ to itself by application
of A. That is, for every #1, ..., t, such that A(#;, t;11) for every 1 <i < n we have
t1 # t,. The question of stabilization can be answered by computing the set of
states that are visited along arbitrarily long paths. If that set has the size 1, then
the network is stabilizing. This observation suggests the following algorithm for
checking stabilization. Let Ry = S and fori > Olet R;y] = A(R;) = {s | It €
R; s.t. A(t, s)}. Itis clear that R; 11 € R;. It follows that if a state appears on a cycle
in Jp, itremains in R; foralli. Itis equally easy to see that if a state s is not on a cycle
in 7 then for some i it does not appear in R;. Then, by repeatedly computing R; for
increasing values of i one can find a set R; such that R; = R;y1. It follows that this
set R; includes exactly the set of states that appear on cycles in 7. Unfortunately,
the straight forward computation of R; has been elusive. In [32], it was suggested
to iteratively compute R; by abstracting parts of the system. This abstraction lead
to a considerable increase in capacity of networks that can be analyzed compared
with the naive approach. In [16], it was suggested that instead of constructing an
exact representation of the set R;, it would be enough to consider subsets of R; for
which the range of each variable is a contiguous range of values. For example, in
a system with two variables v; and v, ranging over {0, ..., 4} the set that includes
the two points (0, 1) and (1, 0) would be represented by the set of states in which
0 <v; <land 0 < v, < 1. Then, the set R; is the best set of this form that
captures the transition of Q. The results in [16] show that this abstraction technique
scales to an order of magnitude larger models than those that could previously be
handled. This technique has been made available through the tool BMA [5].

‘We now turn to survey the usage of model checking in the analysis of GRNs. The
transition structure of GRNs and QNs are very similar. The main difference is that in
the context of GRNS the target functions are defined in terms of so called parameters.
Somewhat simplifying presentation, the parameters are the actual value of the target
function per each possible value of the inputs. For example, consider a system with
variables v1, v2, and v3 all ranging over {0, 1, 2}. If vy is affected by v, and v3 then the
parameters are essentially the values written in the 3 x 3 table for all possible options
for the values of v; and v3. An entry in the table is the value of the target function of
v1 when vy and v3 are in the appropriate values matching this table entry. One of the
interesting usages of model checking in the context of GRNSs is to try to narrow down
the space of possible values of parameters. In this context, a GRN is given without
concrete knowledge of the parameters but with additional dynamic behaviors that
are exhibited in experimental results. These dynamic behaviors should be translated
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to temporal logic specifications that talk about the changes in variable values over
time. Then, model checking can be used to check which parameter values allow the
network to reproduce this behavior. We note that in this context, model checking is
used dually to the way it was described above. Thus, instead of requiring that all
behaviors for a given parameter value reproduce the specification we require that for
an admissible parameter value there be a behavior reproducing the specification.

Technically, in order to enable this check, one has to augment the transition system
with variables that represent the parameter values. The transition system encodes the
fact that parameter values do not change over an execution and that the changes in
the values of “core” GRN variables depend on the values of the parameter variables.
Then, a model checking query can create a representation of the set of possible
parameter values that allow a particular behavior. This set can be narrowed down
by considering multiple dynamic behaviors. See, for example, recent work on such
usage of Model Checking in the context of GRNs [3, 4, 6].

10.5 Probabilistic Model Checking

So far the formalism we used to represent models has been transition systems.
Transition systems can represent possible transitions and possible executions, how-
ever, they have no quantitative information regarding the prevalence of these tran-
sitions. In order to include such information in our models we have to use richer
formalisms that include such information. In this section we give a short exposition
of continuous time Markov chains (CTMCs). These are models that have discrete
states and cannot represent continuous changes in values of variables. However, they
do capture probabilities in change from state to state and include also a representation
of continuous time. The algorithms involved in the analysis of Markov chains are
significantly more complex and we do not review them here. The interested reader
is referred to [2, 25, 26].

10.5.1 Markov Chains and Their Analysis

We extend the concept of a transition system to that of a continuous-time Markov
chain (CTMC). For that, we replace the transitions with probabilistic transitions.
CTMCs are usually defined via higher level languages that resemble the symbolic
representation of transition system. We try to keep the discussion as general as
possible and avoid relating to such formalisms. We then introduce the temporal logic
continuous stochastic logic (CSL) that is used to express properties of CTMCs.
ACTMCis 7 = (S, T, so, &, L), where S and L are as in transition systems.
The set of transitions 7:§ x § — R™T associates with every pair of states (s, t) a
non-negative real number 7 (s, t) corresponding to the rate of transition from state s
to state t. There is one initial state so € S. The transition 7' (s, t) = r > 0 implies that
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it is possible to change from state s to state ¢. The change occurs within ¢ time units
with probability 1 —e ™", If multiple transitions from s are possible, i.e., T'(s, ) > 0
and R(s,t’) > 0 fort # ¢, then there is a race between the transition to ¢ and the
transition to ". The exir rate from state s is the sum of positive rates leaving state s,
thatis T (s) = >, T (s, 7). The probability that some transition occurs within 7 time
units is 1 — e~ 77 and the probability to end up in state t” is R(s, t"")/T (s). One
interesting features of probabilistic systems is that an experiment that has positive
probability and is tried often enough will eventually succeed. Accordingly, if a state
of the CTMC is revisited often enough every one of its successors will be visited
often enough. This leads to the steady state behavior of a CTMC. In the long run,
some of the states of the CTMC will be transient: the amount of time spent in them
will be 0, and some recurrent: the amount of time spent in them will be greater than
0. Accordingly, the value Ry (s, t) is the probability of having started in state s to
be in state ¢ in the long run.

We are now ready to define CSL, a version of temporal logic that is used to
specify properties of CTMCs [1]. CSL extends CTL by adjusting it to continuous
time and replacing path quantification by probabilistic quantification. As before CSL
combines the basic facts with Boolean operators and special temporal operators.

e The temporal operators 2" and 7%/ are nested within probabilistic path quantifica-
tion [-].p, where<e {>, >, <, <} and p € [0, 1]. Furthermore % is extended by
allowing to state an interval / in which the second formula is expected to happen.
Thus, [ 2 ¢]-0.5 means that the measure of paths that satisfy ¢ in the next state is
more than 0.5. Similarly, [¢; % [5’7]¢2] <0.2 means that the measure of paths that
satisfy that ¢| holds until ¢, holds sometime between 5 and 7 time units from now
is at most 0.2.

e The steady-state operator S(-).«p states that in the long run the probability to be
in states that satisfy the subformula must satisfy the probability condition.

As before we make this intuition more formal. Every formula defines a set of
states in which it is true. Just like CTL and LTL we denote by .7, s = ¢ if formula
@ is satisfied in state s of .7 and .7, s [ ¢ otherwise.

e For propositions and Boolean operators the definitions is just as before.

o If pis [X¢]p then T, s k= @ if prob g (m, ¢) >< p. That s, if the probability of
the set of paths that start in s and in the next state visit states that satisfy i satisfies
the comparison with p.

o Ifpis[Y1 % Yaloap then T, s = @if prob 7 (, @) >« p. Thatis, if the probability
of the set of paths that start in s and satisfy ¥r{ %/ ¥, such that v, is visited in the
interval [ satisfies the comparison with p.

o If ¢is S[Y]ep then T, 5 |= @if Z_g’s,':w Roo(s, s’) < p. That is, if starting in s
the long term probability of visiting states that satisfy i satisfies the comparison
with p.
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10.5.2 Biological Modeling with Markov Chains

Using CTMCs encoding of molecular networks is very direct. A typical model
includes a certain set of species of molecules. A state of a model represents the
number of molecules of each species (or the concentration level) and transitions
correspond to interactions between substances [30].

More formally, a molecular model is defined over a set of substances V. For each
substance v € V one defines the number of levels /(v) of v, implicitly deciding
whether v represents molecules explicitly or their concentration level (cf. [13, 22]).
Furthermore, the model includes molecular interactions and their rates. For exam-
ple, phosphorylation would correspond to one molecular species changing to another
(non-activated to activated). Similarly, binding of two molecules would correspond
to the number of the two simple forms decreasing and the number of the bound sub-
stance increasing. Unbinding would be treated dually. So in a state v, each molecular
interaction would correspond to a transition that changes the numbers of substances in
v according to one interaction taking place. The rate with which the interaction takes
place would then depend on the number of possible molecular interactions. Thus, if
an interaction is a change from one molecular type to another, its rate is a product
of the rate of a single such interaction with the number of instances of the source
type in v. If an interaction is a binding, its rate is a product of the number of possible
pairs of molecules and thus is a product of the rate of a single such interactions with
the number of instances of the first source and the number of instances of the second
source. The disadvantage of this approach is that it leads to huge models with many
possible transitions enabled from each state. This is especially true if molecules are
modeled individually and not through concentration levels. This severely limits the
size of models that can be analyzed by model checking. Still, the extensive analysis
enabled by model checking makes it useful to analyze even models of bounded size.

One example of an application of such an analysis is the model by Heath et al. [22]
of the Mitogen-activated protein kinase (MAPK). In this chapter a CTMC model of
the Fibroblast growth factor (FGF) signalling pathway is constructed. Due to the
scalability issue mentioned above the model is analyzed with very low number of
copies of each molecules. The model is analyzed with questions such as: What is the
probability that a certain species is bound to another species at a given time ¢? What
is the expected number of times that a molecule binds before degrading? The exact
analysis of these questions sheds light on the roles of different molecules within
the pathway. A similar (in terms of the technology involved) study of the MAPK
pathway is available in [24].

Another example is the model of gp130/JAK/STAT signalling pathway using the
concentration level approach [21]. Here, probabilistic model checking is used to
ensure that the model is of sufficient quality. For example, model checking identifies
that one of the substances can “run out” in the system and lead to no further molecular
interactions being possible. This highlights the important role of this substance and
the need in further modeling of the production of this substance. Then, analysis



10 Model Checking in Biology 275

similar to that described above shows that a full phosphorylation of some of the
substances is achieved with high probability.

10.6 Lessons Learned

To summarize, we highlight the main issues that we believe are important for the
development of this approach:

Model checking is a powerful technique for the analysis of programs. Over the last
decade model checking has been successfully used for the analysis of biological
models, providing novel insights into various cellular mechanisms and behaviors.
Many tools providing implementations of model checking are experimental and
academic in nature. This implies that users require certain expertise in underlying
techniques and formalisms in order to use model checking. The development of
more reliable and user-friendly tools, as well as approaches that facilitate the cre-
ation of models, could further encourage users with little to no formal background
to use these tools for biological modeling and analysis.

Biological models are somewhat different from software and hardware programs.
This calls for the formal methods community to develop dedicated techniques
and algorithms that are particularly tailored for the analysis of biological models,
leading to improved capacity and efficiency when analyzing biological models.
Model checking cannot stand on its own as a sole technique of analysis. It is
crucial to combine multiple forms of analysis of the same model. One of the major
obstacles to combine multiple forms of analysis is the lack of standardization in
modeling languages. While SBML provides a standard for mathematical biological
models, a similar language that supports further types of models is missing. Such a
language could provide a cross-tool foundation for sharing and distributing models
enabling analysis by multiple approaches.

10.7 Glossary

Reactive Systems: A system that consists of parallel processes, where each process
may change state in reaction to another process changing state. Biological systems
are highly reactive (e.g., cells constantly send and receive signals and operate under
various conditions simultaneously).

Formal methods: A collection of methods that relate to formal logic to analyze
computer systems and prove properties (written in formal logic) about such sys-
tems.

Model checking: A technique for proving that systems have certain properties
described in temporal logic. In case of proof failure, in most cases, the technique
provides a counter example—an execution that violates the requirement.
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Nondeterministic system: A system that may have several possible reactions to
the same stimulus. In biological systems, for example, we can observe various
patterns of cell fate under the same genotype. Hence, nondeterministic models
capture the diverse behavior often observed in biological systems by allowing
different choices of execution, without assigning priorities or probabilities to each
choice.

Property/Requirement/Specification: A formal sentence describing some aspect
of a program or system.

Transition system: A computational model for a system. A state of a transition
system describes the status of the world (restricted to the point of interest of the
model/system under study). Transitions, which are connections between states
describe, the possible changes to the world.

Temporal logic: A specific formalism for describing properties of systems. Tem-
poral logic describes possible evolutions of systems over time. Generally classified
to linear time or branching time according to their view of a computation. In the
linear time view a computation is a sequence of the states of the system. Nonde-
terministic systems have multiple possible computations. In the branching time
view a computation is a tree like structure encompassing all possible options of
the system. A nondeterministic system has one computation that resembles a tree.
Linear temporal logic (LTL) and Computation Tree Logic (CTL) are examples of
a linear time and a branching time logic often used in verification of computer
systems.

Logic operators: The combinators of simple logic formulas to more complicated
ones. For example, an “and” operator combines two Boolean operands. Binary
operators and unary operators operate on two or one operands respectively. In
the context of temporal logic we distinguish between Boolean operators, which
combine the truth values of formulas at a given point in time (e.g., “and”, “or”,
or “not”), and Temporal operators, which combine the truth values of formulas in
different time points.

Boolean networks: Computational models that describe a biological system by
referring to its components as either “active” or “inactive”. Usually, each com-
ponent relates to a certain protein. Components change their values according to
positive and negative influences from other components.

Petrinets: Computational models that describe the state of the world by associating
anumber of “tokens” with designated “places”. “Transitions” prescribe how tokens
can move from place to place leading to a general change of conformation of the
system.

Graph representation: Representing a transition system in the form of a mathemat-
ical graph. Nodes of the graph correspond to the states of the system and (directed)
edges of the graph correspond to transitions of the system.

e Graph analysis: Applying algorithms on the graph representation of the system.
e Symbolic model checking: Applying the model checking technique by combining

reasoning over sets of states instead of reasoning over individual states. Using such
techniques model checking can scale to systems with a huge number of states that
cannot be enumerated.
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prime operator: In a symbolic representation of a transition system this is our way
of saying that a variable relates to the next time point and not the current one.
Boolean Decision Diagrams (BDDs): A specific technique for storing sets of states
through relating to them as Boolean functions.

Satisfiability solver: A tool that solves the question of whether a Boolean formula
is satisfiable. A Boolean formula is a way of stating constraints over the values
of Boolean variables. The formula is then satisfiable if there is a was to assign
Boolean values to variables so that the formula evaluates to true.

SMT solver: A tool that solves the question of whether a formula that combines
Boolean parts and additional (theories) parts is satisfiable.

Qualitative networks: An extension of Boolean Networks that allows more values
to represent the possible status of each component and allows a more flexible way
of describing how the values of components change over time. The changes in the
values of variables are defined through so called target functions, which describe
the value that the component aspires to get to. The value of the component then
changes gradually until it attains this target.

Fixed point: a value in a computation that does not change when applying to it
some operation. This is used many times to describes states of a system that does
not change anymore. Also, in algorithms that compute a set of states by applying
a certain operation to them a fixpoint is a set of states that the operation does not
change.

Stabilization: One of the main properties checked for Boolean networks and Quali-
tative networks. Essentially, this is a property of the system which indicates that the
system has exactly one fixpoint. That is, there is a unique stabilization state such
that regardless of the starting values of the components in the network, after a long
enough execution the stabilization state is reached and never changed anymore.
Continuous time Markov chains (CTMCs): A computational model combining
discrete state transitions with continuous time and probabilities. As in general
transition systems, the state of the world is described via a “state”, however, there
is a probability distribution over the time that the system stays in the same state
and in case of change to which state the system changes.

References

. Aziz A, Sanwal K, Singhal V, Brayton R (2000) Model-checking continuous-time markov

chains. ACM Trans Comput Logic 1(1):162-170

Baier C, Katoen JP (2008) Principles of model checking. MIT Press, Cambridge

Barnat J, Brim L, Krejci A, Safranek D, Vejnar M, Vejpustek T (2012) On parameter synthesis

by parallel model checking. IEEE/ACM Trans Comput Biol Bioinf 9(3):693-705

Batt G, Page M, Cantone I, Goessler G, Monteiro P, de Jong H (2010) Efficient parameter search

for qualitative models of regulatory networks using symbolic model checking. Bioinformatics

26(18):1603-1610

. Benque D, Bourton S, Cockerton C, Cook B, Fisher J, Ishtiaq S, Piterman N, Taylor A, Vardi
M (2012) BMA: visual tool for modeling and analyzing biological networks. In: 24th inter-



278

10.

11.

15.
16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

J. Fisher and N. Piterman

national conference on computer aided verification. Lecture notes in computer science, vol.
7358. Springer, Berlin, pp 686—-692

. Bernot G, Comet JP, Richard A, Guespin J (2004) Application of formal methods to biological

regulatory networks: extending thomas’ asynchronous logical approach with temporal logic. J
Theor Biol 229(3):339-347

. Biere A, Cimatti A, Clarke E, Fujita M, Zhu Y (1999) Symbolic model checking using SAT

procedures instead of BDDs. In: Proceedings of 36th design automation conference, pp 317—
320. IEEE Computer Society

. BryantR (1986) Graph-based algorithms for Boolean-function manipulation. IEEE Trans Com-

put C-35(8):677-691

. Burch J, Clarke E, McMillan K, Dill D, Hwang L (1990) Symbolic model checking: 1020

states and beyond. In: Proceedings of 5th IEEE symposium on logic in computer, science, pp
428-439

Calzone L, Fages F, Soliman S (2006) BIOCHAM: an environment for modeling biological
systems and formalizing experimental knowledge. Bioinformatics 22(14):1805-1807
Chabrier N, Fages F (2003) Symbolic model checking of biochemical networks. In: Compu-
tational methods in systems biology. Lecture notes in computer science, vol 2602. Springer,
Berlin, pp 149-162

. Chabrier-Rivier N, Chiaverini M, Danos V, Fages F, Schichter V (2004) Modeling and querying

biomolecular interaction networks. Theor Comput Sci 325(1):25-44

. Ciocchetta F, Hillston J (2009) Bio-PEPA: a framework for the modelling and analysis of

biological systems. Theor Comput Sci 410(33-34):3065-3084

. Clarke E, Emerson E (1981) Design and synthesis of synchronization skeletons using branching

time temporal logic. In: Proceedings of workshop on logic of programs. Lecture notes in
computer science, vol 131. Springer, Berlin, pp 52-71

Clarke E, Grumberg O, Peled D (1999) Model checking. MIT Press, Cambridge

Cook B, Fisher J, Krepska E, Piterman N (201 1) Proving stabilization of biological systems. In:
Verification, model checking, and abstract interpretation. Lecture notes in computer science,
vol 6538. Springer, Berlin, pp 134-149

Eén N, Sorensson N (2004) An extensible sat-solver. In: 6th international conference on theory
and applications of satisfiability testing. Lecture notes in computer science, vol 2919. Springer,
Berlin, pp 502-518

Eker S, Knapp M, Laderoute K, Lincoln P, Meseguer J, Sonmez M (2002) Pathway logic:
symbolic analysis of biological signaling. In: Pacific symposium on biocomputing, pp 400—
412

Fisher J, Henzinger T (2007) Executable cell biology. Nat Biotechnol 25(11):1239-1249
Fisher J, Piterman N, Hajnal A, Henzinger T (2007) Predictive modeling of signaling crosstalk
during c. elegans vulval development. PLoS Comput Biol 3(5):€92

Guerriero M (2009) Qualitative and quantitative analysis of a Bio-PEPA model of the
gp130/JAK/STAT signalling pathway. Trans Comput Syst Biol XI 5750:90-115

Heath J, Kwiatkowska M, Norman G, Parker D, Tymchyshyn O (2008) Probabilistic model
checking of complex biological pathways. Theor Comput Sci 391(3):239-257

Kroening D, Strichman O (2008) Decision procedures: an algorithmic point of view. Springer,
Berlin

Kwiatkowska M, Heath J (2009) Biological pathways as communicating computer systems. J
Cell Sci 122:2793-2800

Kwiatkowska M, Norman G, Parker D (2007) Stochastic model checking. In: 7th international
school on formal methods for the design of computer, communication, and software systems.
Lecture notes in computer science, vol 4486. Springer, pp 220-270

Kwiatkowska M, Norman G, Parker D (2008) Using probabilistic model checking in systems
biology. SIGMETRICS Perform Eval Rev 35(4):14-21

Moskewicz M, Madigan C, Zhao Y, Zhang L, Malik S (2001) Chaft: engineering an efficient
sat solver. In: Proceedings of the 38th design automation conference, pp 530-535. ACM



28.

29.

30.

3L
32.

33.

34.

Model Checking in Biology 279

de Moura L, Bjgrner N (2008) Z3: an efficient smt solver. In: 14th international conference
tools and algorithms for the construction and analysis of systems. Lecture notes in computer
science, vol 4963. Springer, Berlin, pp 337-340

Pnueli A (1977) The temporal logic of programs. In: Proceedings of 18th IEEE symposium on
foundations of computer science. IEEE Press, Piscataway, pp 46-57

Priami C, Regev A, Shapiro E, Silverman W (2001) Application of a stochastic name-passing
calculus to representation and simulation of molecular processes. Inf Process Lett 80(1):25-31
Robinson A, Voronkov A (eds) (2001) Handbook of automated reasoning. Elsevier, Amsterdam
Schaub M, Henzinger T, Fisher J (2007) Qualitative networks: a symbolic approach to analyze
biological signaling networks. BMC Syst Biol 1(1):4

Talcott C (2008) Pathway logic. In: Formal methods for computational systems biology. Lecture
notes in computer science, vol 5016. Springer, Berlin, pp 21-53

Thomas R, Thieffry D, Kaufman M (1999) Dynamical behaviour of biological regulatory
networks—I. biological role of feedback loops and practical use of the concept of the loop-
characteristic state. Bull Math Biol 55(2):247-276



Chapter 11
Computational Design of Informative
Experiments in Systems Biology
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Abstract Accurate predictions of the behavior of biological systems can be achieved
through multiple iterations of modeling and experimentation. In this chapter, we
present the central ideas for the design of informative experiments in systems biology.
We start by formalizing the task, and proceed by introducing the required tools
to process data subject to uncertainty. We analyze design approaches which are
Bayesian and information-theoretic in nature. A particular emphasis is placed on
implicit and explicit assumptions of the available techniques. Two main design goals
are here compared: reducing uncertainty and challenging existing belief. Finally, we
discuss the limitations of the presented approaches to provide general guidelines for
predictive modeling.
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11.1 Introduction

Biological systems are understandable at different scales and levels of detail [34].
Given appropriate data, mechanisms of interests can be modeled to perform accurate
predictions [25]. A central question for experimentalists and modelers is:

Which experiment should be selected to best answer a scientific question?

For prediction, data quality matters more than quantity. Experimental design aims
at selecting informative protocols for controlled experiments. Computational design
entertains the idea that computers can help to maximize the task-relevant information
gathered by the modeler through the measured data. The overall process of design
typically involves multiple aspects, including those imposed by policy constraints
and resource availability.

This chapter focuses on the task of experimental design from the theoretical and
the computational point of view. To render the chapter self-contained, we start by
providing a minimal set of preliminary notions. Expert readers may skip to the subse-
quent sections, which provide an overview of the fundamental principles. We proceed
by describing the main set of goals and their interpretation. Assumptions, relations,
and limitations of the approaches are discussed in the final section. Here, we focus on
what is particularly relevant for systems biological applications. For concreteness,
we introduce examples from the domain of cell signaling and biochemical network
dynamics. This chapter is not an exhaustive dictionary of design techniques, but
rather a comprehensive walk-through relating assumptions, goals, and limitations.

11.2 Preliminary Notions

Basic requirements for experimental design are:

e hypothesis class M: the set of testable hypotheses;

e experiment set S: the set of feasible experiments;

e inference method: the formal procedure employed to derive conclusions from the
experimental observations.

Given a scientific question, hypotheses are formally expressed in terms of equations.
In systems biology, equations are combined into systems that capture the essential
behavior of components and interactions. Since the studied phenomena are typically
time-varying, their models incorporate dynamic aspects to better predict the observed
behaviors. Firstly, it is important to specify the model scope, that is the domain in
which the model can be appropriately employed to perform predictions. Limitations
might be experimental: for instance due to scarcity of resources, or because of the
intrinsic inability to directly inspect the inner workings of the studied system. The
experiment set conditions the choice of the hypothesis class, and vice versa. In
principle, hypotheses and expected evidence should match the central prediction task,
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which must be given a priori. Given the experimental data, conclusions are derived
on the basis of the accumulated evidence. Some hypotheses are retained, others
are discarded. Importantly, conclusions must include an estimate of the uncertainty
associated with the selection of the hypotheses.

Example Modeling DNA-Damage Mechanisms due to Irradiation.

Let us consider the following process: the DNA-damage response pathway in
mammalian cells. For illustration, let us take a model of p53/Mdm?2 oscillations
in response to ionizing radiation. The hypothesis class consists of two systems
of equations. The two mechanisms model alternative hypotheses regarding the
behavior of an oscillatory reaction network [17, 41]. Kinetic rate constants
and other parameters are assumed to be known (with negligible uncertainty)
from previous experiments. In this case, let us consider an experiment set con-
taining two feasible experiments: high- and low-frequency gamma-irradiation
of the cells. As damage is repaired, oscillations are counted as a function of
irradiation time. Which experiment should be selected to maximally discrim-
inate between the two putative mechanisms? Despite the complexity of the
studied mechanisms, the design process is straightforward: there exist only
two hypotheses (with known parameters) and only two experiments. In prac-
tice, real scenarios will involve large numbers of hypotheses, many possible
experiments, as well as significant uncertainty with respect to rate constants
and other parameters [14].

11.2.1 Modeling of Dynamical Systems

In its broadest interpretation, the formal process of modeling coincides with the
hypothetico-deductive approach to science [37]. In practice, specific phenomena are
modeled depending on the task. This is why it is not obvious to select the appropriate
features of a phenomenon. The desired type of testable prediction induces different
choices, which are ideally aligned with the aim of the modeling exercise.

Biological systems are time-varying processes. Hence, biological models typi-
cally involve time-varying entities. In systems biology, the emphasis is on variations
due to mutual interactions between components. Predominantly due to (frequent)
data scarcity, modeling might require the incorporation of previous knowledge from
domain expertise and published results. Hypotheses are complex and require strong
evidence for testing: armed with prior knowledge, the modeler may significantly
improve predictions. Axiomatic assumptions and first principles are conveniently
incorporated already in the definition of the model variables, for instance as state-
space models [52].

Let us consider a state space X. The state space describes all possible unique
configurations of a process. The state x(#) € X is a variable which denotes the
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instantaneous configuration of the studied process at time ¢. States could represent,
for instance, the concentrations of several metabolites in a specific compartment of
the cell, as well as more abstract entities such as stages of a cell cycle [54].

11.2.1.1 Process Model

Firstly, we take causality as essentially axiomatic.

Main Assumption 1 Causality.

The future behavior of the studied phenomena can be described solely as the function of
their current and past states.

This assumption excludes anticipatory effects and is in contrast, for instance, to
batch image processing. Difference and differential equations constitute the classi-
cal formalism for modeling the behavior of dynamical causal processes. In the case of
biochemical network analysis, such models well predict a large set of complex chem-
ical interactions, including synthesis, binding, dissociation, degradation, allosteric
activation, inhibition, and phosphorylation [17, 52]. More generally, these models
can be employed to characterize the time-evolution of symbolic representations. All
interactions between state components are captured by the system of equations. By
doing so, the process dynamics is implicitly defined by the governing equations. The
state variable is updated over time, generating trajectories which start with the initial
conditions.

A classical example of state-space dynamical system is given by Ordinary Differ-
ential Equations (ODEs). This model class is widely used in systems biology [25].
In particular, the application of ODEs rests founded upon the established theory for
deterministic modeling of biochemical reactions. Given the initial conditions, the
dynamical system . evolves as

df:) — FOe(0), u(1), 1, 0), (11.1)

where f is a function of

x(t): current state;

u(t): time-varying external input to the system;

t :time;

0 :parameter vector out of parameter space ©.

In this particular example, the system is deterministic, memoryless (it satisfies the
Markov property), and it evolves in a continuous state space. More generally, models
may exhibit delays, memory, infinite-dimensional state spaces, stochastic behavior,
and discreteness (in time or state space). Differential equations have been applied
with success to a variety of applications. Yet they are not the only available modeling
tool. Aside from practical limitations, there exist cases in which abstract and phe-
nomenological representations might be appropriate as well. Regardless of whether
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precise mechanisms are required or not, experimental design invariably aims at pre-
dictive modeling of the observable quantities. In practice, modeling might translate
into finding estimates for f or €; in some other cases, the modeler might be inter-
ested in predicting only the future evolution of the state given the data. In system
identification, hypotheses M € M consist of specified functional forms f as well as
their parameters 6, thatis M = (f, 0).

Example Activator-Inhibitor.

Let the state variable consist of two elements: x(z) = [R(t), X(¢)] € RZt
(concentrations are non-negative quantities by definition). The elements R(¢)
and X (r) denote the concentration (for instance, in nM) of two time-varying
macromolecules in a well-stirred and spatially homogeneous system at ther-
modynamic equilibrium [17]. There is a protein E in the system, which exists
also in its phosphorylated form E,. The macromolecule R is produced with a
signal strength S, and R stimulates its own production by phosphorylating E.
E , stimulates the production of X, which in turn promotes the degradation of
R. Precisely, the system equations takes the form:

d |:R(t)1| B [koEp(t) +kiS — kzX(t)R(t)]
- k3 E (1) — kg X (1)

i | X (1)
ko
ky (11.2)
R(t)
y [X(t)}’ET"’ ],Z
ks

where the dynamics of £, follows a Goldbeter-Koshland function [17]. Note
the absence of time-dependence in this case: the system exhibits oscillations
due to the interplay between R and X through E and E,. If all parameters
but one are known (e.g., k4) the experimental design procedure could aim at
optimizing the time points schedule. Ideally, this ensures that the time points
are informative enough to obtain a good parameter estimate (for instance, by
sampling above a certain frequency).

11.2.1.2 Measurement Model

Experiments are performed by the observer, often assuming negligible interference
of the measurement apparatus to the behavior of the process.

Main Assumption 2 Non-interference.
The measurement apparatus has a negligible effect on the behavior of the studied phenom-
enon (it does not change the state of the system).



286 A. G. Busetto et al.

This assumption is in contrast to cases in which quantum-mechanical effects cannot
be neglected. Experimental observations can then be described in the data space D,
independently from the rest. The time-dependent readout variable y(¢) € Y denotes
the instantaneous measurement at time ¢. In terms of equations, the measurement
model can be specified as follows:

Ve(t) = he(x (1), u(t), 1,1, §), (11.3)

where /1, is a (generally nonlinear) function of state, input, time,

e 7 are the tunable variables of the experimental protocol;
e £(t) denotes the measurement noise, whose distribution is &;.

The variable ¢ € S denotes the choice of the experiment from the experiment set.
Time series data are then acquired in the batch dataset

De = {(ti, ye(t)}io (11.4)

where n is the sample size. In principle, the noise distribution might be arbitrary: it
could depend upon the state of the process, as well as on the input (for instance, in
the case of stochastic interventions).

Example Measuring the Activator-Inhibitor.

Let us consider the activator-inhibitor process described in Eq. (11.2). The
measurement process depends on the selection of the experiment, which is
here denoted by the variable ¢ € S. For a fixed ¢, assume that the concentra-
tions of macromolecules R and X are not directly measurable, but the sum
of their concentrations is. Thus, y(t) € R = Y. The time-discrete measure-
ment process introduces additive white Gaussian noise: for every time point
t;, the noise terms &, are identically distributed and statistically independent
from each other. The experiment variable could, for instance, control the pa-
rameters 7 (that is, mean p and variance o%) of the normal noise distribution
Z; = N (&, ). The measurement function /4, which is time- and input-
invariant, is linear with respect to both states and noise:

T
@) = RO+ X0+ =he ([ )| [me?] ). a1

Assume, as in the previous example, that the goal is the estimation of the
unknown kinetic rate k5 [see Eq. (11.2)]. In this scenario, the experiments
indexed by & with known p and small variance better reduce the uncertainty.
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11.2.2 Modeling Uncertainty

Uncertainty arises through measurement noise, data scarcity, as well as from the
impossibility of direct inspection of the inner workings of a system. It is possible to
distinguish at least two types of uncertainty.

e Aleatory variability:
due to the irreducible non-deterministic behavior of the process.
e Epistemic indeterminacy:
due to the incomplete knowledge of the observer about the process.

The former depends only on the process, while the latter depends solely on the ob-
server and on the available measurement apparatus. We assume that lack of complete
knowledge has no effect on the behavior of the process, apart from the indirect effects
induced by the selection of future interventions (such as inputs).

Main Assumption 3 Epistemic Separability.
Excluding interventions, epistemic uncertainty does not effect the behavior of the observed
process.

Yet the future behavior may be influenced by interventions selected on the basis of the
current belief state of the observer. Degrees of plausibility for alternative hypotheses
can be quantified in terms of belief states. The modeler may take advantage of this
fact to design experiments in which, for instance, u(#) is a function of the residual
uncertainty.

Belief states represent uncertain yet justified states of instantaneous knowledge.
The belief states of an epistemic agent (that is, the modeler) are time-varying and
depend upon the availability of new observations. As soon as new data are avail-
able, belief states can be updated to incorporate the additional evidence. Cox’s theo-
rem demonstrates that probability theory generalizes “common logic” (specifically,
Aristotelian-Boolean logic) under uncertainty [19, 26]. Under weak assumptions,
it can be shown that probabilities are the unique representations available to the
modeler [20]. Informally, probability theory satisfies the following three desiderata:
degrees of plausibility should [20]

1. be representable by real numbers;
2. agree with “common sense” (that is with basic Aristotelian syllogisms);
3. be consistent (epistemic agents with the same information must agree).

In this chapter, we subscribe to Cox’s axioms of probability and to their interpretation
as belief states for an epistemic agent. This framework is widely accepted, yet not
the only possible choice, and Cox’s assumptions are not undisputed.

Probabilities can be seen as frequencies of random, repeatable events but also
as quantified uncertainties. They represent “risks” (that is, uncertainty about the
occurrence of events specified within a stochastic model), as well as justified beliefs
about hypotheses (models, parameters, etc.). As well as considering belief states for
discrete sets, we also wish to consider the continuous case (which is typically the
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case for the parameter space @). This goal is achieved by extending our discussion
to probability densities.

Example Uncertainty in Transcription.

Control of transcription is a fundamental regulation mechanism in biology. The
modeler considers the hypothesis class consisting of two candidate models
of genetic regulation. The models describe mutually exclusive biochemical
mechanisms [52]. Let us consider the following feasible set of experiments:
concentration readouts of RNA-polymerase and of its binding frequency (to a
certain promoter region). Each model consists of a set of Stochastic Differential
Equations (SDEs), whose kinetic parameters are poorly known. The stochastic
nature of the process is reflected in the aleatory uncertainty associated with the
dynamics of the macromolecular concentrations. The hypothesis class consists
of the two models: each model consists of the given system of equations, for
all possible values which may be assigned to its parameters. Uncertainty about
which set of SDEs should be selected, and with which specific parameters, is
essentially epistemic (both before and after data acquisition); it only depends
on the belief state of the observer, This is a case of model selection: the design
aims at minimizing, for instance, the epistemic uncertainty associated with the
selection of the “correct” model (that is, the most predictive model given the
data).

11.2.2.1 Bayesian Inference

Bayes’ theorem is the application of the product rule between conditional probabili-
ties!:
p(Z =D|\AH =M)p(M =M)
p(AM =M% = D)= , (11.6)
p(Z =D)

where

e the hypotheses are represented by the random variable .# whose sample space is
the hypothesis class M and

e the data are represented by the instance of the random variable & whose data
space is D.

Bayes’s theorem relates three fundamental quantities:

e prior p(M):
the belief state for hypothesis M before the observation of the data;

! For simplicity, we simplify the notation p(2 = x) to p(x) when possible. In these cases, 2
denotes the random variable and x an element of the respective sample space £2.
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e posterior p(M|D):
the belief state for M updated after the observation of the data D;
e likelihood p(D|M):
the probability of measuring the data D generated from hypothesis M.

The remaining term p(D) is the evidence. The evidence is a normalizing constant
which can be calculated from prior and likelihood as

p(D)= D" p(DIM)p(M). (11.7)
MeM

Performing the normalization is in many cases a computational bottleneck: it involves
non-trivial sums (or high-dimensional integrals).

In the Bayesian setting, the process of updating belief states when experimental
evidence arrives constitutes the inference method. The posterior coincides with the
obtained conclusions: it is determined by the likelihood and by the prior. The former
term describes the relation between hypotheses and evidence. The latter term con-
tains all information available a priori. To avoid prejudice, no presumed evidence is
incorporated. To avoid bias, no arbitrary selection of the data is allowed.

Main Assumption 4 Objectivity.
Conclusions are derived based on all available evidence (and without presumed evidence).

During design, objectivity is a central step of simulated inference: experiments are
evaluated according to the predicted outcomes of simulated datasets. Objectivity is
so important, that it can be taken as a principle more than an assumption.

Example Bayesian Estimation of Synthesis Rate.
A simple motif of simultaneous synthesis and degradation can be obtained by
combining basic rate laws:

ax@ _ KM@ — kX (t) (11.8)
dt ——— —

synthesis  degradation

where M (¢) is the concentration of mRNA encoding protein X, while X (¢)
denotes the protein concentration, with given initial condition X (#) = 0. The
function form of the ODE (that is, the governing function of the model) is
known, yet the parameters are partially unknown. The degradation rate k; is
known (in arbitrary units), while the prior distribution of the synthesis rate ky
is exponential:

re Mk >0,

p(ky) = [07 by < 0. (11.9)



290 A. G. Busetto et al.

for a given A (for concreteness, say A = 1). As an input, M (¢) is directly con-
trollable by the experimentalist. Let us consider a design scenario aiming at the
minimization of a measure of uncertainty (for instance, variance) of the poste-
rior distribution for k1. The posterior distribution is given by the (normalized)
product between the prior (in this case exponential) and the likelihood of the
data. The likelihood function is defined by the measurement model through the
distribution of the noise. The process is fully deterministic. As a consequence,
there does not exist aleatory uncertainty for the elements of the hypothesis
class. All uncertainty is epistemic and concerns solely the kinetic constant
rates.

11.2.3 Measuring Information

Probability and information theory are deeply related [18, 26]. The former offers
the framework to quantify uncertainty for individual hypotheses. The latter is based
on the former and considers overall properties of belief states. The concept of self-
information is the fundamental link between these frameworks. Informally, the self-
information of an event corresponds to the “degree of surprise” associated with the
particular outcome [18]. Events are specific observations of a random variable X.
Formally, the self-information of the event E C £2 is mathematically defined as’

h(E) = —log, | D plxe) (11.10)

x.€E

where X is a random variable whose sample space is £2 (with x, of non-zero proba-
bility). Qualitatively, it is possible to note the following:

e events with high probability exhibit rather low self-information;
e events with Jow probability exhibit very high self-information.

Since both epistemic and aleatory uncertainties are modeled by probabilistic belief
states, self-information measures the overall “surprise” of the observer for a particular
readout (that is, due to the stochastic behavior of the process, as well as to the belief
state of the observer).

2 The choice of the logarithm depends on the (arbitrary) unit measure of information. We take the
logarithm in base 2, and thus measure information in bits.
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Example Self-information of a Bistable Gene Network.

Bistability is a feature often associated with systems exhibiting autocatalysis
or positive feedback [30]. Let us consider a bistable synthetic single-gene au-
tocatalytic network in Escherichia coli [6]. The process consists of a simple
regulator and of a transcriptional repressor. A minimalist model for the process
could be given by a system with two states (arbitrarily denoted as A and B). The
two states correspond to the combined instantaneous concentration of repres-
sor and RNA polymerase in a single cell. Transitions between the two states
are memoryless and stochastic. The system has known initial condition A.
Unknown perturbations (for instance, uncontrollable external environmental
stimuli) push the system back and forth from A to B. For the sake of simplicity,
we assume that measuring the state exhibits negligible errors (that is, the esti-
mation process is dominated by aleatory uncertainty). On the basis of previous
experiments, the experimentalist knows that, state A is going to be measured
with probability 0.9 despite the unknown perturbations. The self-information
of the hypothetical readout A is thus approximately 0.15 [bits]. Measuring A is
thus not very surprising. Conversely, observing B would yield approximately
3.32 [bits]. Indeed, high surprise is experienced after supposedly improbable
events. When the event “the readout is A” is almost certain (that is, with prob-
ability close to 1), its self-information is almost zero. Observing B, in contrast,
would yield very high self-information (a significantly improbable event has
been observed). Different results are expected when the system exhibits equal
chances of being in state A or B. In such case, the self-information of the
events would have been the same: exactly 1 [bit], like tossing a fair coin.

11.2.3.1 Entropy as Uncertainty

When a sender transmits the value of a random variable to a receiver through a
noiseless channel, the average amount of communicated information is the entropy

H[p] =Ep{h(x)} = — z p(x)log, p(x), (11.11)
xXER

that is the expected self-information over all possible outcomes.® A similar definition
exists in the case of continuous random variables, for which the differential entropy
is Hip]l = — |, o P(x)log p(x)dx. This limit is obtained partitioning the sample
space into bins of progressively smaller width and by omitting the diverging term. In
the case of biological experimentation, the outcomes are the measurement readouts.

3 Note that lim,_o plogp = 0.
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Informally, the noiseless coding theorem states that the lower bound on the number
of bits needed to transmit the state of a random variable is (asymptotically) given by
the entropy [48]. This result is based, among other things, upon the assumption of a
stationary source. The fundamental assumptions of classical information theory are
formalized by the Shannon-Khinchin axioms [33]. Their discussion goes beyond the
scope of this chapter, but it is important to highlight their interpretation to understand
the analogy between communication and biological experimentation. In design, the
source is the “state of nature”. Messages (that is, data) are sent through the noisy
channel, which is the measurement apparatus. The receiver reconstructs the message
(that is, the model) from the data. In brief, informative experiments correspond to
channels with high bandwidth [13, 14].

Entropy is hence a functional of the belief state (in general, of a distribution).
Peaked distributions yield low entropy, that we interpret as states of low uncertainty:
very few hypotheses are considered to be plausible. As a measure of uncertainty,
entropy is very general: it is consistent with other measures such as variance. For
instance, in the case of a Gaussian distribution with mean  and variance o2, differ-
ential entropy is given by

HIpIN(u.0) = log(2mea?) /2. (11.12)

Since entropy is a measure of uncertainty, its reduction constitutes an admissible
design goal. Indeed, entropy measures the expected depth of the shortest decision tree
to identify the “correct model” given the data in the noiseless case. For illustration,
let us consider this noiseless scenario. Let the hypothesis class consist of four equally
plausible models. The modeler has to determine the correct model among the four
solely on the basis of “yes/no” questions answered by an oracle (the oracle has
complete knowledge). Let us identify the four models by their indexes ranging from
1 to 4. The modeler could, for instance, ask the following questions: is the index of
the correct model smaller than or equal to 27 In case of positive answer, the effective
hypothesis class would be restricted to models 1 and 2. In the next experiment,
the modeler could ask directly whether model 1 is the correct model. In both cases,
the correct model would be determined by the answer of the oracle. Similarly, if the
oracle says that the index in not smaller or equal than 2, it would be worth asking
whether it is 3. With these 2 conditional questions ((1, 2) Vs (3, 4) followed either by
(1) Vs (2) or by (3) Vs (4)), all plausible hypotheses are considered. Knowing that
the correct model has index smaller than 3 makes some questions redundant (it would
be wasteful to ask if the model index is 4). This redundancy does not only exist due
to assuming noise free measurements. In fact, probabilistic redundancy would also
apply in the case of noisy oracles (whose yes/no questions cannot be fully trusted). In
general, one might consider non-uniform plausibility for the possible models. In this
case, how to avoid redundant questions? Some questions might be more informative
than others (that is, able to yield a higher number of expected bits, which correspond
to fewer plausible hypotheses). In principle, optimal questions are the ones which
sequentially split the hypothesis class into sets of equal size (weighted according to



11 Computational Design of Informative Experiments in Systems Biology 293

their cumulative probabilities). Then, what is the minimum number of such questions
to determine the model? The entropy of the distribution over the hypotheses.

Example Entropy of a Bistable Gene Network.

Considering the bistable gene circuit of the previous example, it is possible
to quantify the uncertainty of the experimentalist with respect to the state
readouts. In the initial case in which p(A) = 0.9, the entropy amounts to
approximately 0.47 [bits]. The entropy is maximal when p(A) = p(B) = 1,
since the readouts are maximally indeterminate (1 [bit]). In contrast, when
p(A) is almost certain, the entropy tends to zero, since an overwhelmingly
small p(B) suppresses the (otherwise high) self-information of the event. For
concreteness, let us consider the case in which entropy measures the uncertainty
about the state of a dynamical system. The experimentalist aims at reducing
the stochastic behavior of the bistable system to study other properties (so
far not captured by the model). How could this be done? For instance this
goal is achieved by introducing a forcing input as an intervention (that is, by
controlling the state through u(¢)). Such a necessary step implements controlled
laboratory conditions on a cell population. A set of interventions ¢ € S is then
selected to minimize the aleatory state entropy.

Relative entropy is another fundamental information-theoretic quantity [38, 39].
Informally, it measures how many bits of information are (asymptotically) wasted
when a sender communicates through a noiseless channel with the “wrong coding”.
In this context, the coding is optimal when it achieves the highest bit-rate with respect
to the probability p over the symbols generated by the source. Instead of using the
optimal coding for p, coding is optimized for g. Already its functional form

_ )
Ripllql = ;pm log 5 (11.13)

makes apparent its strict relation to entropy. Intuitively, it measures the following:
how many bits are lost when g approximates p? Relative entropy is particularly
useful to evaluate approximations of probability distributions. At the same time, it
can be used to measure the information gain between prior and posterior for given
data [3].

11.2.3.2 Prior Knowledge

As we have seen, Bayesian inference requires priors. As long as experiments are
independent, previous posteriors are the priors for further updates.
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Main Assumption 5 Experimental Independence.
Measurement outcomes of separate experiments are conditionally independent from each
other.

This condition simplifies the calculation of Bayes’ theorem. But there are cases in
which this assumption is not satisfied. For instance, it might be difficult to guarantee
independence when the same batch of cells is exposed to iterations of treatment and
measurement. If initial conditions can be controlled and memory effects discounted,
datasets Dgl) and Déz) are assumed to be independent. The scenario induces the
following decomposition of Eq. (11.6):

@ ) prior for Dgl)
p(Ds7 M) p(De ' |IM) ’—/]F 11.14
p(Dg™) p(Dg")

prior for DEZ)

pM|DP, DY) =

The recursive nature of (conditionally independent) Bayesian inference makes it
particularly convenient to perform incremental updates as soon as new data become
available. This iterative information gain is a key feature of inference when uncer-
tainty cannot be neglected. Just deriving point estimates would be insufficient, since
such a description implies the loss of all residual uncertainty. In systems biology,
this scenario is the norm, not the exception [43]. Consequently, a form of uncertainty
propagation is necessary to perform a logically consistent analysis.

Example Two Experiments to Model a Multifunctional Enzyme.

Consider the case in which an enzyme catalyzes two reactions. A structural bio-
chemical network is available in terms of ODEs. All kinetic constant rates are
assumed to be known, except those of the two reactions (respectively denoted
by k1 and k7). Assuming compatible experimental configurations and identical
initial conditions, it is possible to separately obtain k; from a first dataset Dél)
and k, from Déz). Estimation results could be improved by simultaneously in-
ferring k1 and k;. This design requires the calculation of p(kp, kleél), Dgz))

instead of p(k;|D{Y) and p(ka| D).

So far we discussed cases in which priors are directly incorporated. We turn now to
another important question: what can be done when prior probabilities are not avail-
able? Assigning zero priors to arbitrary hypotheses would impose zero posteriors
as well. Irrespectively of any subsequent observations of the data some hypothe-
ses would be unjustly excluded. No evidence would be able to modify the belief:
the relative entropy between a non-zero posterior and a zero prior is infinite (it di-
verges). Cromwell’s rule states that this issue should be avoided by assigning 0 and
1 prior probabilities exclusively for statements that are logically true or false (such
as mathematical propositions) [40].



11 Computational Design of Informative Experiments in Systems Biology 295

Yet there exist cases in which probabilistic reasoning has to be performed only
on the basis of limited information. Transferring the available data from similar
experiments might be challenging or practically unattainable (due to differences in
experimental conditions, strains, etc.). Even worse, there might not be such data
available to the modeler. What should be done in these cases? This is a delicate issue
which deserves attention.

When the hypothesis class consists of a finite set of models, one may consider an
external principle to assign epistemic probabilities. A common example is the princi-
ple of indifference [32]. Informally, the principle of indifference states that, given that
only insufficient reasons exist to distinguish hypotheses, hypotheses should be con-
sidered equally plausible. Because probabilities are normalized to one, one obtains
the uniform distribution over a finite hypothesis class. But what if the hypothesis class
is not finite? Similarly, non-informative priors aim at exercising as little influence as
possible on the posterior distribution. In the case of continuous parameter values with
unbounded domains, such prior distributions may not be correctly normalized: they
are called improper. Aside from difficulties due to normalization, the modeler has
to be careful with difficulties arising from transformations of probability densities
subject to nonlinear changes of variables [7, 8].

What can be said when only incomplete information is available? The principle
of maximum entropy proposes a solution to this question [27, 28]. Degrees of belief
are assigned according to the following rule: select among all constraint solutions the
one which exhibits the largest entropy. Candidate distributions must be consistent
with the available testable information 7. In equations, when applied to priors it
corresponds to

select p*(M) = arg max H[p]. (11.15)

p consistent with T’

Apart from setting priors, the principle may also be invoked for model specifica-
tion [27]. Despite its arguable limitations, the principle of maximum entropy is not
only mathematically satisfactory, but also epistemologically convincing [26]. It is
consistent with the objectivity requirements. Informally, it states that no additional
information should be presumed (that is, select the least committed and yet consistent
belief). Non-maximum-entropy priors implicitly presume information which is not
available, and consequently they support unjustified belief states. Testable informa-
tion consist of any formal description which is amenable to statistical verification,
such as known mean, variance, etc. Several well-known densities can be derived
from maximum entropy considerations [8]: uniform (given finite support), exponen-
tial (given mean and non-negative support), Gaussian (given mean and variance),
Laplace (given mean and expected variance), and famously Gibbs (given expected
energy).
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Example Maximum Entropy Prior for Auto-regulation.

Prokaryotic auto-regulation is a mechanism which can be modeled by a sto-
chastic discrete dynamical system [52]. In brief, dimers of a protein repress
their own transcription by binding to a regulatory region through a mechanism
of auto-regulation. For the sake of simplicity, let us assume that the functional
form f of the dynamical system is known exactly. Moreover, incomplete prior
information for the parameters is available. Prior distributions are known ex-
plicitly (as posteriors from previous experiments) for all parameters except for
k,: the rate constant of binding to the regulatory region. Nonetheless, some
testable information is available also for ki. First, the constant is known to
be non-negative (by construction). Furthermore, its expected value is y (for
instance, as found in the literature). On the one hand, a uniform distribution
on the non-negative domain would yield an improper prior (because of lack of
normalization) and would discard the available knowledge of y. On the other
hand, an arbitrary distribution would presume additional information which
is is not available (making it unjustified). The principle of maximum entropy
yields instead the exponential distribution, as in Eq. (11.9) with y = 1/A fork,.

11.3 Design Principles

Three general desiderata may be imposed on the design process: the designer has to

1. incorporate incomplete knowledge available a priori;
2. estimate costs and constraints associated with experimental procedures;
3. specify design goals.

The first desideratum is met by the application of Bayesian inference (or by other
inference techniques) [15]. The second one is provided by external sources (domain
knowledge, financing, other constraints). The experimental aim has to be explicitly
stated by the scientist.

11.3.1 Goals

In essence, there exist at least two main design goals:

e reducing uncertainty [12],
e challenging existing belief (or theories) [13, 14, 21, 37].

Their difference is not only semantic: the goals correspond to different score functions
for optimization. If epistemic uncertainty is measured in information-theoretic terms,
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the former corresponds to minimizing (in expectation) the entropy of the posterior.
The latter corresponds to maximizing (in expectation) the information gain, that is the
relative entropy between posterior and prior. The information gain implicitly assumes
that the posterior should be taken as the absolute reference to evaluate the quality
of the prior. Entropy and information gain are functionals of the posterior, which
depends on the data D, generated through €. Respectively, the formal definitions of
the score functions are as follows.

Entropy minimization:
select optimal experiment £* which minimizes the expected entropy:

posterior
* _ .
& =argmin Ep, {H[p(M|D;)]¢ . (11.16)
IS | —

entropy

Information gain maximization:
select optimal experiment ¢* which maximizes the expected information gain:

posterior prior
« —t~——
& = argmax Ep, {RIp(M|D¢) || p(M)] ¢ - (1L.17)
e

information gain

In both cases, the expectation is taken over the evidence p (D), which is obtained
from priors and (simulated) likelihoods, as in Eq. (11.7).

The goals coincide when the prior is uniform (since it has no effect on the poste-
riors). In this case, in fact, the following identities hold

, N p(M|Dy)
argmin E{R[p(M|D,)||p(M)]} = argmax E Zp(Mws)long
M
=argmin E{—H[p(M|D,)] — log, |M|} = argmax E{H[p(M|D)]},
(11.18)

where |M| denotes the cardinality of the hypothesis class. Furthermore, it is im-
portant to point out that maximizing the expected information gain is equivalent to
maximizing the mutual information between models and data. Mutual information
is a fundamental measure of statistical dependency [18]:

I[X, Y] = R[pX, V)||p(X)p(¥)]. (11.19)
Finally, one has the following equivalence

argmax E{R[p(M|D.)||p(M)]} = argmax I[M, D.]. (11.20)
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11.3.1.1 Requirements

The design requirements are as follows.
e Definition of hypotheses:

— hypothesis class M (containing the process models);
— priors over the functional forms f, parameters 6, the initial conditions.

e Definition of experiments:

— set of experiments S: it may consist of a joint set of measurable time points
{ti};_,, measurable components of the state space (their selection corresponds
to the tuning of /), as well as input interventions u(¢) [13];

— likelihoods (that is, the measurement model);

— cost of each experiment.

e Choice of the design goal.

Example Design Scenarios for Modeling Tryptophan Biosynthesis.

There exist multiple alternative mechanistic models of tryptophan biosynthesis
in bacteria [46, 53]. Let us assume that the hypothesis class consists of two
functional forms fj and f>. They define alternative nonlinear system of ODEs
(which could be of different complexity). The prior for the first hypothesis is
0.7 (hence, for the second it is 0.3). We denote this distribution as the pair
(0.7, 0.3). The state space for the process model is defined by dimensionless
concentrations of mRNA, enzyme, and tryptophan. Both initial conditions and
parameters are partially unknown. Priors over parameters and initial conditions
are given by the posteriors of previous compatible experiments. Subscribing to
the principle of maximum entropy, exponential distributions are assigned when
the expected value is known (since kinetic rate constant and concentrations are
positive by definition), and uniform priors when a plausible range of values
is given. Feasible experiments in S measure relative concentrations of mRNA
and tryptophan at a fixed number of time points. The design question is: if
the number of time points is limited to 5, should the experimentalist measure
every second (&1) or every minute (¢2)? The goal is to challenge existing prior
belief. Thus, the expected information gain is the score function to maximize.
For instance, &1 could be preferable if it tends to reverse the order of prior
probabilities more frequently than & does. Indeed, with a (0.7, 0.3) prior, the
information gain for the posterior (0.2, 0.8) (for fixed D) is approximately
0.77 [bits], which is much larger than that obtained for the posterior (0.8, 0.2):
approximately 0.04 [bits]. The effect of the prior is apparent in this case; the
entropy of (0.2, 0.8) and (0.8, 0.2) is exactly the same.

In practice, design goals are constrained by resource availability. Otherwise, one
would just measure as much as possible. The optimization formulations should take
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this resource constraint into account; but how to relate costs c(¢) to benefits? The
Pareto-efficient solutions are given by the production-possibility frontier, that is the
set of experiments which dominate the others either in term of cost saving or of infor-
mation [23]. In the design context, production corresponds to information gain (or
uncertainty reduction) and possibility to the experiment costs. In practice, one typi-
cally asks directly one of the following questions. Given a certain maximal cost ciax,
which experiment yields the best results? This question would impose the cost con-
straint on the selection of the feasible experiments on the minimization/maximization
goals of Eqs. (11.16, 11.17). Alternatively, one could ask: given this expected goal
(in bits), which experiment minimizes the costs?

11.3.2 Calculation

The two main computational bottlenecks are belief update and optimization [14].
The former refers to the calculation of the posterior on the basis of prior distribution
and of the uncertainty propagated through the system dynamics. The latter consists of
the computational process to find the optimal solution (maximization of information
gain or uncertainty reduction).

How to calculate the posterior p(M|D) [9]? Firstly, one has to propagate the
uncertainty from one sample to another. Then, one has to update the propagated
belief to incorporate new information [11]. For general dynamics, uncertainty prop-
agation consists of calculating the solution of the Kolmogorov forward equation of
the system [35] in the time interval [#;, t;41). In the case of SDEs with a given f, it
corresponds to calculating the solution of the Fokker-Planck equation [45]

d
D=V 1fpd+ avp,, (11.21)
ot —— S——

drift diffusion

which describes the time evolution of the time-varying distribution p; = p(x|Dg).
In the equation, V- denotes the divergence, A is the Laplace operator with the dif-
fusion tensor ¥, while [ fp] denotes the point-wise multiplication of p, and the
vector field f = f(x(t), u(t), t,0). Generalized state-space propagation incorpo-
rates initial epistemic uncertainty of both initial conditions and parameter values into
Eq. (11.21) [22]. On the right-hand side of the equation, the two terms denote drift
(governed by the deterministic components) and diffusion (expressing the stochastic
contributions). For deterministic systems described in terms of ODEs, asin Eq. (11.1),
the diffusion term is absent: the propagated uncertainty is strictly epistemic. When
the hypothesis class contains multiple functions, uncertainty propagation must be
performed for each individual dynamical system and then normalized [14]. This
significantly contributes to the computational challenge of the problem: closed-form
solutions for the time-integrated trajectories rarely exist, and their numerical approxi-
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mations are resource-demanding. Analogous procedures hold for dynamical systems
whose state space and time are discrete.

After propagation, the update of the belief state is performed according to
Eq. (11.6). This step typically involves the implicit calculation of the evidence for
normalization. A large variety of techniques are available to jointly perform propa-
gation and update [8, 9, 26]. Established techniques include Markov Chain Monte
Carlo (MCMC) [24] and Kalman filtering [31]. Due to the hardness of the task, a
number of approximations are available to the designer. Simulated inference may be
achieved through variational approximations [8] or approximate Bayesian computa-
tion [51].

The quality of the overall optimization depends on the calculation of the updated
solutions. Each evaluation of the score function involves the generation of hypothet-
ical datasets and possibly the simulation of the respective updates. Depending on the
goal and on the experiment set, the optimization might be in itself tractable (in the
case of convex or submodular score function [36]) or very difficult (in the general
case). There exist cases in which the designer can take advantage of the regularities
of the score function [13, 36].

11.4 Discussion

We have seen assumptions, steps, and goals of computational design in systems
biology. The framework that we have described is best understood from the Bayesian
point of view, by employing probabilistic descriptions of justified belief states. As
for other computational processes, design methods can be evaluated according to
their correctness, efficiency, and simplicity of implementation. Here we highlight
theoretical and computational aspects which deserve particular attention. Following
are a list potential challenges and respective solutions for effective design.

e Theoretical issuesx:

— The choice of the inference mechanism is essential. The two main options
available to the modeler are the Bayesian [15] and the classical frameworks [1].
It is worth noting that no unique Bayesian or classical viewpoint exist. More-
over, there has been much controversy about merits and limitations of each
framework [8].

Bayesian approaches render the incorporation of prior information straightfor-
ward [14, 21]. Solutions consist of probability distributions over all hypothe-
ses. This property is particularly appropriate for cases in which substantial
uncertainty is expected to persist, as in biology [5]. The main limitation of
this framework is its computational complexity: satisfactory approximations
of posterior distributions might be unattainable.

Classical approaches are well established and sometimes able to offer com-
putational shortcuts [4]. However, the incorporation of domain knowledge
might be non-trivial: priors are often implicit.
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— Which prior should be taken?

Objective priors require minimal assumptions. However, many uninformative
prior are improper (and hence pathological) [8]. In principle, the Solomonoff-
Levin distribution offers a general solution: it specifies the universal prior
which is defined over the set of computable functions [49, 50]. At present, its
applicability remains the subject of active research [44]. In practice, the two
main principles available to the modeler are: indifference and maximum en-
tropy. As a consequence, Gibbs, Gaussian and uniform densities are frequent
choices.

Subjective priors are necessary when incorporating data from previous experi-
ments. It often happens that (for mathematical or computational convenience)
posterior distributions are specified in terms of “simple” forms such as cate-
gorical distributions or as members of the exponential family [8]. When only
selected statistics of the distributions are available to the reader, subjective
priors may be reconstructed from the available testable information according
to the principle of maximum entropy.

— There exist a variety of possible design goals. Information theoretic approaches
exhibit multiple benefits: they are general, rest on a well-founded theory, and
enable the quantification of uncertainty on an absolute scale. Recent develop-
ments in information-theoretic model validation exhibit the potential to design
experiments aimed at maximizing reliable information [10, 16].

Uncertainty reduction minimizes the epistemic uncertainty associated with
the system.

The goal of challenging existing belief entertains the idea that information
gains should be measured with respect to previous belief states [3]. As shown
before, these two main goals coincide when prior information is unavailable.

e Computational issues:

— Particularly in the case of nonlinear dynamics, uncertainty propagation consti-
tutes the dominant computational bottleneck. In practice, each evaluation of the
score function might require the solution of the propagation task. Propagation
can be directly combined with updates, taking advantage of the recursive nature
of Bayes’ rule. Numerical solutions must be obtained through simulation when
analytic solutions are not available (this is certainly the typical case in systems bi-
ological applications) [42]. It is important to note that parameter estimation and
model selection by themselves are extremely demanding computational tasks;
their discussion goes beyond the scope of this chapter (nonetheless the modeler
should be aware of the impact of reliable estimation in the design process).

Exact solutions are rarely available. Kalman filters are commonly used for
linear systems of ODE:s.

If the belief state can be assumed to be unimodal, local linearization and Un-
scented Kalman filters offer excellent approximations [29]. Powerful sparse
techniques are available as well [47].

Strongly nonlinear models constitute the norm in systems biology. Nonlinear-
ities might induce multimodal belief states. Sequential Monte Carlo methods
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are excellent to propagate general distributions, yet substantially resource de-

manding [11, 24]. Even checking their convergence might be non-trivial [11].
— Optimization is typically performed by taking advantage of some regularities

of the score function, or by following established heuristics [2].

Entropy and mutual information may be submodular when conditional in-

dependence is satisfied [13, 36]. These cases are not only computationally

tractable, but also efficiently solvable in practical applications [13].

General nonlinear optimization is required when arbitrary interventions are

applicable to the systems (for instance, as inputs u(¢)). Very few general

guarantees are available in the nonlinear case [2].

Systems biology is generally associated with large-scale data collection. Nonethe-
less, data quality matters: experimental design is an enabling technology for predictive
modeling. In this chapter, we adopted a Bayesian information-theoretic viewpoint on
experimental design. Computational design has the potential to assist human intu-
ition in a key point: suggesting biologically interesting questions. We anticipate that
the field of computational systems biology will move toward progressive automation
of hypothesis generation and testing. In this context, design will play a crucial role
to close the loop between modeling and experimentation.

11.5 Lessons Learned

e The analysis of many biological systems requires careful experimental planning
due to limited time and financial resources.

e Methods for experimental design, in combination with mathematical models, pro-
vide means to assess the usefulness of potential (practically feasible) experiments.
Such methods can be employed to reduce the experimental costs, since uninfor-
mative experiments are systematically avoided.

e Two common goals of experimental design are: uncertainty reduction and infor-
mation gain maximization. In general, these goals may not be compatible; they
do, however, coincide when all hypotheses are equally plausible a priori.

e Uncertainty propagation constitutes a significant computational bottleneck for the
design of informative experiments aimed at dynamic modeling. However, careful
assumptions on the distribution of the noise and Monte Carlo approaches may en-
able the construction of appropriate design schemes with acceptable computational
costs.

11.6 Conclusions

The amount of biological data produced by high-throughput methods in biology
has substantially increased in recent years. However, for many biological systems
(e.g., signaling pathways) obtaining high-quality data involves a resource-intensive
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process. Experimental design, in combination with computational methods for
system identification, constitutes an important tool to reduce costs. This chapter
primarily focuses on Bayesian approaches to experimental design; such framework
relies on solid theory and established applications. The Bayesian point of view may
prove particularly useful for the type of problems considered in systems biology:
it is generally applicable, it is compatible with information theory, and there exist
effective numerical approximation schemes which are already available to the de-
signer. The discussed techniques exhibit the potential to accelerate the discovery of
key principles and mechanisms of biological systems.
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Chapter 12

Predicting Phenotype from Genotype Through
Reconstruction and Integrative Modeling

of Metabolic and Regulatory Networks

Sriram Chandrasekaran

Abstract A central challenge in systems biology is the identification of molecular
interactions that regulate organismal phenotype, and to predict phenotypic changes
that arise from these interacting networks. The reconstruction of gene networks pro-
vides a mechanistic basis for understanding the genotype-phenotype relationship,
and enables the simulation of cellular behavior resulting from genetic and environ-
mental perturbations. Currently, there is a critical need for new methods that rapidly
transform high-throughput genomics, transcriptomics and metabolomics data into
such predictive network models for metabolic engineering and synthetic biology.
This chapter describes tools and technologies that address these key challenges,
with a focus on the algorithms, PROM and ASTRIX, which perform complemen-
tary functions in mapping and modeling gene networks. The Analyzing Subsets of
Transcriptional Regulators Influencing eXpression (ASTRIX) approach builds Tran-
scriptional Regulatory Networks from gene expression data while the Probabilistic
Regulation of Metabolism (PROM) algorithm integrates disparate gene networks
(metabolic and regulatory networks) together in an automated fashion. Some basic
principles of reconstructing and modeling these networks are discussed, followed by
a detailed description of these algorithms. Understanding how the networks func-
tion together in a cell will pave the way for synthetic biology and has wide-ranging
applications in biotechnology, drug discovery and diagnostics.
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The genotype and the growth environment significantly influence the behavior and
phenotype of an organism. Yet the mechanism of how a simple genetic change
or environmental perturbation alters the behavior of an organism at the molecular
level, and subsequently its phenotype, is still not completely clear. Systems biology
aims to understand cellular behavior by identifying its molecular components and
the interactions between them, and seeks to predict phenotypic changes that arise
from these interacting networks. Systems biology primarily focuses on the entire
system of interacting components (‘networks’) and predicts the emergent properties
of these networks [22, 35, 41]. These ‘cellular networks’ are usually a group of
genes or proteins that interact with each other and perform similar functions [4]. For
example, the metabolic network carries out various bio-chemical reactions in each
cell and the regulatory network controls these biochemical processes among others.
Cellular behavior is determined by the differential activity of these networks; hence
reconstructing and simulating these networks enables one to understand and better
predict the response of a cell to an external perturbation. Figures 12.1 and 12.2 gives
an overview of these different networks.

12.1 Reconstruction and Simulation of Metabolic Networks

Metabolism plays a central role in the functioning of an organism and is arguably
the best understood cellular process. Yet, the size and complexity of the metabolic
network poses a great challenge in modeling and simulating its behavior. Further, the
lack of adequate data often limits our ability to test and analyze metabolism at the
genome-scale using more traditional simulation methods such as reaction kinetics
(modeled as a system of differential equations), where the mechanisms of reactions
and their regulation is modeled individually and in detail.

Constraint-based modeling allows us to overcome such problems, because the
only requirement is knowledge of the stoichiometry (the network topology) of the sys-
tem in order to be able to fairly accurately simulate the potential metabolic behavior
of an organism [45, 55]. By assuming steady-state kinetics, the system of differential
equations required to model the system are simplified to a system of linear equations
in constraint-based analysis. This technique thus requires much fewer parameters
and can be applied to a wide variety of systems.

The biochemical network models built this way represent explicitly the mech-
anistic relationships between genes, proteins, and the chemical inter-conversion of
metabolites within a biological system. Such genome-scale biochemical network
models have been successfully completed for a variety of organisms including the
prokaryote E. coli [53], eukaryotes such as S. cerevisiae [34, 51], and humans [21].
The reconstruction process has been greatly accelerated by the availability of online
databases such as Kyoto Encyclopedia for Genes and Genomes [38] (KEGG) and
SEED [32]. See Feist et al. [27] for a detailed description of the process of recon-
structing, curating and validating these biochemical network models.
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Fig. 12.1 Graphical abstract: Generation and integration of high-throughput data to reverse-
engineer cellular networks

In combination with physico-chemical constraints such as enzyme capacity,
reaction stoichiometry, and thermodynamics, it is possible to determine the pos-
sible configurations in the metabolic network that correspond to physiologically
meaningful states [54, 55]. Over the years, a number of methodologies have been
developed to simulate the network, and these methods have enabled genome-scale
analysis of microbial metabolism for various applications, from drug discovery to
metabolic engineering, and modeling of microbial community behavior [28, 45].
The most prominent amongst them is flux balance analysis (FBA) [40]. FBA iden-
tifies the optimal flux pattern of a network that would allow the system to achieve
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Fig. 12.2 Metabolic and regulatory networks: Metabolism is at the heart of every cellular process,
from energy production to producing precursors for processes like growth and cell division.
Metabolic networks comprises of an array of enzymes that are involved in converting food into
substrates for biosynthesis, or breakdown for energy production. Even a simple bacteria like E.
coli has more than 2,000 biochemical reactions [53] that are involved in these processes. By sim-
ulating metabolic networks, one can predict an organism’s phenotype such as growth rate and
metabolic adjustments under diverse environmental conditions [6]. Transcriptional regulatory net-
works (TRNs, lower panel) are a specific kind of regulatory processes in a cell that are involved in
controlling the expression of various genes in response to genetic and environmental changes. Mod-
eling TRNs would hence enable the prediction of gene expression changes under various conditions
[9, 14]

a particular objective, typically the maximization of an organism’s growth rate or
biomass production (Fig. 12.3).
Mathematically, FBA is framed as a linear programming problem:

maximize Z = c;v; (the cellular objective)
subject to: > S;; - vj = 0 Vi (stoichiometric constraints)

J

vi <wv; <Y Vj (Thermodynamic constraints)

where i is the set of metabolites, j the set of reactions in the network, S;; is the
stoichiometric matrix, c; is a vector that specifies which flux is being optimized
(typically this is used for the maximization of growth) and v; is the flux through
reaction j. In genome-scale metabolic models of microbial systems, a biomass pro-
ducing reaction is usually defined and used as the objective function. This reaction
explicitly incorporates the chemical composition of the cell in terms of its macro-
molecules, nucleotide, amino acid, lipid and sugar content. These compounds are
synthesized through an array of reactions that connect the input nutrients like glucose
to the biomass components. Upper and lower bounds are placed on the individual
fluxes based on thermodynamic considerations if they are available. For irreversible
reactions, the lower bound v’ is set to be zero. Specific bounds, based on enzyme
capacity measurements or thermodynamic considerations can be imposed on reac-
tions; in the absence of any information these rates are generally left unconstrained
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Fig. 12.3 Constraint based analysis: A metabolic network is represented as a system of linear
equations, represented in the form of a matrix (the Stoichiometric matrix). In the figure, A, B, C
and D are metabolites involved in Reactions Rxnl, Rxn2 and Rxn3, catalyzed by enzymes Enzl,
Enz2 and Enz3. This system is underdetermined, i.e., fewer equations than the number of variables.
Therefore, we apply several constraints (depicted by a ‘flux cone’) to simulate various properties of
the system. The reaction occurrence is limited by three primary constraints: reaction substrate and
enzyme availability, mass and charge conservation, and thermodynamics. See text for more details
on the constraints

ie., vV = 0o, and vL = —oo for reversible reactions. To avoid unbounded solutions,

i.e. Zreaching infinity, the input flux, typically the influx of glucose or other nutrients
needs to be fixed to a specific value, and all fluxes should be viewed as relative to
the input flux.

Changes to a metabolic network in vivo can arise not only due to perturbations
to metabolic enzymes, but also due to transcription factors and other regulatory
genes that control cellular metabolism. A major limitation of FBA is that it does not
incorporate the effect of transcriptional regulation. Transcriptional regulation plays
a central role in controlling metabolism and a key challenge in obtaining accurate
predictions from biochemical networks is the integration of the gene regulatory net-
work with the corresponding metabolic network [15, 17, 18]. The PROM algorithm
addresses this issue and builds an integrated regulatory-metabolic network model.
Before explaining how PROM works, we will first discuss how regulatory networks
are reconstructed and modeled.

12.2 Reconstructing Transcriptional Regulatory Networks

Reverse engineering transcriptional regulatory networks, also known as regulatory
network inference, involves the identification of functional modules or networks,
which are a group of genes that regulate each other and perform similar functions
[4]. Reconstructing the regulatory network enables one to understand the underlying
molecular processes that cause phenotypic changes and better predict the response of
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a cell to an external perturbation. Further, this would help us identify key hub genes
that drive these networks and this knowledge plays a key role in drug discovery and
synthetic biology.

There are hundreds of methods that build Transcriptional Regulatory Networks
(TRNs), from binding [1, 31, 44, 60], gene expression data [9, 26, 47] or through
integration of various data types [9, 49]. See [2, 4, 59] for a review of these various
approaches. A commonly used approach has been to use omics technologies such as
Microarrays and RNA sequencing, which provide a snapshot of the transcriptional
activity of the cell [4]. Large repositories of gene expression data are currently avail-
able (GEO [23], M3D [25] and ArrayExpress [11]) enabling the rapid construction of
genome-scale models of TRNs. Most of the expression-based ‘reverse-engineering’
methods primarily rely on the guilt-by-association principle—they try to identify
functional relationships between genes by searching for similar expression patterns
across diverse experimental conditions. The underlying assumption is that genes
that have similar pattern of expression are generally co-regulated. For identifying
transcriptional regulatory interactions, these patterns of co-expression are observed
between all the transcription factors (TFs) and non-TFs in a cell. A gene is pre-
dicted to be regulated by a TF if they share a significant similarity in their expression
patterns. This ‘similarity’ of expression is easy to understand but usually hard to
measure. A suite of methods that use different metrics ranging from correlation and
mutual-information to least-angle regression have been developed to infer similar-
ity in expression, with each one having its own advantages and limitations. See
[4, 8, 47, 48] for a review of these inference algorithms.

12.3 Inferring TRNs Using ASTRIX

Analyzing Subsets of Transcriptional Regulators Influencing eXpression (ASTRIX)
combines two well-known inference algorithms that use disparate principles—
ARACNE (Mutual information) and LARS (Regression)—to infer TRNs. Briefly
the novelty of ASTRIX is that it not only infers interactions between TFs and target
genes, but also creates a predictive model of the network which can be used to pre-
dict expression in new conditions. Also, unlike most approaches that infer networks
for all the TFs and target genes, ASTRIX takes into account the limitation of the
provided data set and infers a network structure only for a subset of genes that could
be modeled well with the provided expression data.

ARACNE is a mutual-information based method for identifying transcriptional
interactions between genes using gene expression data. Like correlation, mutual
information is a metric that detects statistical dependence between two variables, but
unlike correlation, it does not assume linearity, continuity, or other specific properties
of the dependence. Information-theoretic approaches are comparatively effective
for studying large networks where putative gene-gene interactions are learned from
a relatively small amount of expression data [12]. ARACNE predicts a gene and
transcription factor to interact if the mutual information between the expression
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Fig. 12.4 The ASTRIX approach for reverse engineering transcriptional regulatory networks
(TRN): Each step (numbered) is explained in the text

levels of the gene and its potential regulator is above a set threshold. ARACNE has
been shown to accurately reconstruct the regulatory network of c-Myc in B-cells
[5] and has recently been used to reconstruct the TRN responsible for epithelial
to mesenchymal transformation in Gliomas [13]. One of the main novelties of the
ARACNE algorithm is that it uses the Data Processing Inequality (DPI) technique
to eliminate the majority of indirect interactions inferred by co-expression methods.

Least Angle Regression (LARS) is a regression algorithm used for inferring rela-
tionships between a dependent variable (response, in our case gene expression) and
one or more independent variables (predictors, TFs), and also for prediction and
forecasting the state of the response variable. LARS is a model selection algorithm,
similar to, but a less greedy version of the traditional forward selection method. It
selects a parsimonious set of predictors from a large collection of possible covariates
for the prediction of a response variable [24].

ASTRIX combines LARS and ARACNE, and uses genome-scale gene expression
data to infer a transcriptional regulatory network model capable of making quanti-
tative predictions about the expression levels of genes given the expression values
of the transcription factors [14]. The ASTRIX algorithm works as follows: we first
compile a large set of microarray data for the particular system of interest. Ideally, the
data should measure the transcriptome of the system under various perturbations and
environmental conditions (step 1 in Fig. 12.4). Generally, any reverse engineering
method requires the availability of a large set of gene-expression data that profiles
a broad range of cellular states and associated gene-expression levels [5, 25]. This
is necessary because genetic interactions are best inferred when the genes explore a
substantial dynamical range [5, 26]. In simple organisms, a wide range of states can
be sampled by large-scale gene knockouts or environmental constraints. On the other
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hand, these data might not be easily available for more complex cellular systems and
the network inference algorithm has to utilize the naturally occurring phenotypic
variations to reverse engineer the cellular network [5]. For each gene in the system,
a “skeletal” network is inferred around the target gene using ARACNE [50] (step 2),
and DPI is used to eliminate indirect interactions. A stringent mutual information
threshold is chosen (p-value < 107%) so that only strong interactions are retained
(step 3). This serves to identify key regulators that share a high degree of mutual
information with the target gene of interest. We then use the transcription factors
or regulators predicted for each gene by ARACNE and fit a regression model using
LARS [24] (steps 4 and 5). This would take the form:

[Target Gene] = o[ TF1] + B[TF2] +--- 4+ o0

where o, B, and o are constants inferred by LARS based on gene expression data. The
accuracy of the model inferred by LARS can be determined by measuring the Root
Mean Square Deviation (RMSD) of the model prediction with the actual expression.
All data used in this procedure are normalized before network inference to have row
variances of 1. Thus, for a given influence of a transcription factor on a given target
gene, one can uniformly interpret the magnitude of the coefficients «, f, and o, and
use their magnitude to rank the individual interactions [9]. Also, since RMSD has
the same units as variance, we get a clear interpretation of the amount of variance of
the gene explained by the model. This process is repeated for all of the genes in the
dataset or a subset of interest (step 6).

As mentioned earlier there are many advantages of using ASTRIX over using
ARACNE or LARS alone. While ARACNE gives only the topology of the network,
ASTRIX gives both the topology and also predicts if each interaction is activating
or inhibitory. Most importantly, ASTRIX only selects the subset of TF—gene rela-
tionships that can accurately predict the target gene’s expression quantitatively in the
training set, and only these interactions are moved forward to the test set for valida-
tion. Recent analyses have shown that by using a combination of different approaches,
like mutual information and regression, is more effective at inferring networks than
the individual methods used alone [47]. One could thus expand our framework by
using other method types like Bayesian networks [29] and Random Forests [36] to
infer interactions. Further, combination with other data types like binding, sequence
and TF knockout data, if available, will lead to more comprehensive and predictive
models of transcriptional regulation [49].

12.4 Application: Inferring the Honeybee Brain TRN for Social
Behavior Using ASTRIX

The natural behavior repertoire of the honeybee (Apis mellifera) is perhaps the best
studied of any non-human animal [67]. They exhibit complex social behaviors like
aggression, nursing, foraging and spatio-temporal learning, which are influenced
by both genetic and environmental factors [14, 57]. Further, these behaviors are
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Fig. 12.5 Overview of the approach used to build a TRN model for the honeybee brain. a Brain
expression from different bee brain behavior states were collected. b A network model was built
using ASTRIX, and ¢ the network model was then used to predict expression in new conditions and
identified key regulators of specific behavior processes. The network wheel in the center displays the
inferred TRN model. The middle circle has the TFs and the outer circle has the 2,176 target genes.
Darkly shaded edges are interactions between TFs and target genes involved in specific behaviors
like aggression, foraging or maturation (indicated by the bees). ASTRIX identified TFs unique to
each behavior and global regulators that controlled multiple behaviors

dynamic and associated with multiple levels of cognitive and molecular processing
[58]. Given its dynamical nature, it’s not known if behavior is influenced by the kind
of Transcriptional Regulatory Networks (TRNs) known to regulate other phenotypes
like development [20, 42, 52]. We hypothesized that behaviorally related brain gene
expression could be used to reconstruct the type of transcriptional regulatory net-
works (TRNs) that operates for other phenotypes.

To enable comprehensive network inference, the bees were sampled in one of 48
different states defined by behavior, genotype, and environment. Nearly all genes
expressed in the bee brain were differentially expressed in at least one of the 48
states; this broad survey captured natural variation across most of the transcriptome,
even without experimental genetic perturbation. We then constructed a regulatory
network for the honeybee brain that identifies key regulators that control the genes
that are responsible for the phenotypic changes (Fig. 12.5).

The ASTRIX algorithm was then used to infer a predictive transcriptional regu-
latory network model for the honeybee brain using this data from 2,000 microarrays
involving 48 different behavior states. ASTRIX accurately predicted the expression
of 2176 genes involved in these behaviors with an average correlation of 0.87 in test
conditions based on the expression of transcription factors. It identified transcrip-
tion factors that are central actors in regulating behavior in the honeybee brain, and
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our results suggest a remarkably close relationship between brain transcriptome and
behavior. One can draw a picture where a core module of transcription factors is
responsible for various phenotypic changes.

ASTRIX’s ability to predict expression even in new phenotypes suggests a rela-
tively complete and accurate reconstruction of the transcriptional regulatory network
underlying these changes. Accurate prediction of quantitative behavior is the ulti-
mate test of our understanding of a given system, and will enable re-engineering of
cellular circuits. Our ability to model a surprisingly high percentage of the transcrip-
tome, without information on physical interactions or brain subregion localization—
implies that the relationship between brain gene expression and behavior is both
stronger and more predictable than previously imagined. A more detailed analysis
and description of the study can be found in [14].

12.5 Integration of Regulatory and Metabolic Networks
Using PROM

Till now we have discussed methods to infer and model TRNs. A forefront chal-
lenge in modeling organisms today is to build integrated models of regulation and
metabolism. Predicting the effect of transcriptional perturbations on the metabolic
network can lead to accurate predictions on how genetic mutations and perturba-
tions are translated into flux responses at the metabolic level. Further, it can assist
in the engineering of genetically modified organisms for synthetic biology and drug
discovery [56]. Studying the molecular networks that distinguish a normal cell from
diseased one may lead to the identification of critical metabolic biomarkers for cancer
and other diseases [65]. Although gene and protein expression have been extensively
profiled in human diseases, little is known about the global metabolomic changes
that occur due to these perturbations. Profiling such metabolic alterations can lead
to the discovery of metabolic markers [65].

12.6 Challenges of Integrated Regulatory-Metabolic Network
Modeling

From our description of the ways to reconstruct and model the metabolic and reg-
ulatory networks, it is clear that the two network types have very different ways of
being modeled. While the TRN's are simulated based on statistical associations, the
metabolic networks are modeled based on a detailed biochemistry based mechanistic
framework and constrained by thermodynamics, mass and energy balance (Fig. 12.6).
So it has been a difficult challenge integrating different modeling paradigms.

Many methods solve this problem of network integration indirectly, by using gene
expression data, which is the output of transcriptional regulation, with the metabolic
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Fig. 12.7 Overview of RFBA: The deletion of a TF results in alteration in expression of its target
genes. These are then mapped onto the corresponding reactions in the metabolic network. If the
target gene is determined to be OFF, the fluxes through the reactions are turned off and the optimal
flux state (curved line) and the growth rate is determined using FBA. Note that in RFBA, genes and
fluxes can only have two states (ON/OFF)

network [7, 16, 37, 63]. While these are very effective, they do not explicitly account
for transcriptional regulation and cannot simulate perturbation to transcription fac-
tors. The first successful integration of these network models was by the algorithm
RFBA [17, 18]. The RFBA approach and its variants [19, 64] simplify regulation
to an ON-OFF process, instead of the complex quantitative models that are used to
model TRNs. Figure 12.7 describes the RFBA model. Briefly, the states of genes
in the metabolic model are determined by transcription factors using manually con-
structed regulatory rules. For example the state of a metabolic gene might be given
by A =TF1 AND TF2, which means that both TF1 and TF2 should be in ON state
for gene A to be active.

Although these Boolean logic based interactions are easy to understand, usually
regulatory interactions are more complex than a binary process where genes and
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reaction fluxes can only have two states in the population—ON or OFF. As these are
built by manual curation of literature, given the large number of interactions, it is
extremely difficult and time-consuming to manually write Boolean rules and identify
significant interactions at the genome scale using RFBA. Due to these reasons there
have been very few such integrated models available in literature [17, 30, 33].

12.7 Probabilistic Integrative Modeling Using PROM

To overcome these drawbacks, we developed the PROM approach that addresses
these issues. PROM, enables direct integration of the transcriptional and metabolic
networks for modeling and overcomes the need for manually writing the Boolean
rules by automatically quantifying the interactions from high throughput data—
thereby greatly increasing the capacity to generate genome-scale integrated models.
The model framework, based on constraint-based analysis, is designed to circumvent
the need for kinetic parameters for metabolic modeling, and most importantly does
not assume direct correlation between enzyme activity and mRNA expression.

PROM’s novelty lies in the introduction of probabilities to represent gene states
and gene-transcription factor interactions. PROM can algorithmically quantify these
interactions based on microarray data. For example, the probability of gene A being
ON when the regulating transcription factor B is OFF is given by P(A = 1|B = 0);
similarly P(A = 1|B = 1) gives the probability of A being ON when B is ON. The
relationship between TF and target gene is then quantified using microarray data. So,
if we estimate that in 80 % of the samples we find the gene to be ON, and 20 % of
the samples it is OFF or not expressed, then the probability associated with a gene
being ON is 0.8. Once this interaction information has been defined, one can model
the effect of perturbations to the regulatory network on the metabolic network

using PROM (Fig. 12.8).

To model the effect of a TF knockout at the genome scale, the states of all its
regulatory target genes are determined. These probabilities are then used to constrain
the fluxes through the reactions controlled by the target genes.

b =P x Ib*; ub' = P x ub*

ub* and Ib* are the maximum and minimum fluxes through a reaction and these are
determined for each reaction using Flux Variability Analysis [46] on the unregulated
metabolic model, and P is the probability defined previously. To account for other
factors that may affect enzyme activity such as translational, post-translational and
metabolite interactions, these constraints are used as cues to determine the most
likely flux through a particular enzyme. Unlike thermodynamic or environmental
constraints that cannot be violated, the regulatory constraints are ‘soft’ constraints,
so the system can exceed these constraints to maximize growth, but with a penalty.
The magnitude of this penalty factor (i) determines the strength of the transcriptional
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Fig. 12.8 Overview of the process used to integrate the metabolic and regulatory network using
PROM. The Transcription factor (TF) states are determined based on environmental conditions; the
state of TF is then used to determine the ON/OFF state of the target genes based on probabilities
estimated from microarray data. The probabilities are then used to constrain the fluxes through the
metabolic network. The optimal metabolic state (curved line) that satisfies both the thermodynamic
and regulatory constraints is determined. In PROM, the constraints based on gene expression are
used as cues to obtain the optimal flux state. Note that unlike RFBA, where genes and fluxes can
only have two discrete states (ON/OFF), PROM can have a more continuous restriction of flux
levels. Further, PROM’s automated inference of interactions and probabilistic formalism enables
it to create comprehensive models. Ib’, ub” are constraints based on transcriptional regulation, a,
are positive constants which represent deviation from those constraints (determined by the solver)
and « is the penalty factor

constraints, with higher values implying stronger effect of regulation. Following this
procedure, we arrive at an optimal model, which satisfies most or all of the regulatory
constraints (Fig. 12.8).

The construction of an integrated metabolic-regulatory network using PROM
requires the following: (1) the reconstructed genome scale metabolic network (2)
regulatory network structure, consisting of transcription factors (TF) and their targets;
(3) gene expression data. PROM then overlays these regulatory interactions on top
of the metabolic network, which as mentioned earlier is now available for a large
number of organisms. PROM utilizes the Gene-Protein-Reaction (GPR) relationships
present in the metabolic network models to connect the regulatory targets (obtained
from literature, or from databases like RegulonDB, Yeastract [61, 66] or inferred
using network inference approaches like ASTRIX) to the corresponding metabolic
reactions. The GPRs takes into account the presence of isozymes or multi-gene, multi-
subunit complexes that may be involved in each metabolic reaction. We can then test
the performance of the integrated model by simulating growth phenotypes under
different environmental conditions. Figure 12.9 compares the integrated network
models from PROM and RFBA for E. coli.
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Fig. 12.9 Comparison between PROM and RFBA. Using PROM, integrated regulatory-metabolic
networks for the model organism Escherichia coli was constructed and we predicted the growth
phenotypes of 15 TF knockouts in 125 different growth conditions with 85 % accuracy. Note that
PROM based on automated inference is as accurate as the manually curated RFBA model

12.8 Application: Constructing an Integrated Network Model
for Tuberculosis Using PROM

After validating the approach, PROM was used to build the first genome-scale
integrated metabolic-regulatory model for Mycobacterium tuberculosis, a critically
important human pathogen PROM was specifically designed to be applied to less-
studied systems like M. tuberculosis; by integrating various high throughput data,
PROM can help us understand the system in a more holistic manner. The regulatory
data for M. tuberculosis was compiled by Balazsi et al. [3] and gene expression data
consists of 437 whole-genome microarrays of M. tuberculosis measuring the effects
of 75 different drugs [10].

We systematically knocked out all the TFs in M. tuberculosis that regulate
metabolic genes, and their knockout phenotypes were predicted using PROM. Com-
parison with gene knockout data [62] revealed that PROM predicted the phenotypes
with an accuracy of 95 %. PROM also identified key genes that regulate vital steps
in metabolism, which could lead to the prediction of better drug targets for therapy.
Indeed, out of the 11 predicted essential genes by PROM, 7 of them were drug targets,
which is highly significant (p-value —0.01). Despite the lack of complete biological
knowledge about M. tuberculosis, PROM was still able to predict the phenotypes
with relatively high accuracy.

PROM represents the first automated integration of a genome scale TRN with a
biochemically detailed metabolic network, bridging two important classes of systems
biology models that are rarely combined quantitatively [15]. Several challenges will
need to be addressed to build integrated regulatory-metabolic models for systems in
higher organisms. While our models have shown great accuracy to date for simple
organisms, we have not yet demonstrated their success in human systems, where the
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complexity of regulation encompasses not only the effect of transcription factors,
but also the effect of non-coding RNAs, epigenetic effects, post-translational modi-
fications, and alternative splicing. With the development of methods that incorporate
other network types, like signaling [17, 43] and a range of other cellular processes
[39], one can envision transitioning these models to higher systems. Further, with
the advent of automated approaches for metabolic network reconstruction [32], inte-
grated network models could be constructed rapidly for a wide array of sequenced
organisms.

12.9 Conclusion

Despite recent advances in computation, new algorithms are needed to integrate var-
ious data sources, and to assemble a holistic view of the cell. The new approaches
discussed here address this issue and have diverse applications for understanding
microbial biochemistry, drug discovery and disease progression. ASTRIX can iden-
tify key hub genes that drive networks, which could aid in synthetic biology, and also
for finding drug targets against both microbes and cancer cells. Further, predicting
the effect of transcriptional perturbation on the metabolic network using PROM can
lead to more effective metabolic engineering of microbes and the identification of
critical metabolic biomarkers for cancer and other diseases.

12.10 Lessons Learnt

Reconstructing and integrative modeling of metabolic and regulatory networks
allows one to better understand the genotype to phenotype relationship, and paves
the way for metabolic engineering and synthetic biology. Emerging tools and algo-
rithms that integrate diverse high throughput data and build genome-scale models
of these networks were discussed. The ASTRIX algorithm [14] allows the reverse-
engineering of regulatory network models from high throughput data. ASTRIX iden-
tifies key hub genes that control cellular networks, and these network models can
quantitatively predict gene expression changes in new conditions. The PROM algo-
rithm is an ideal tool for constructing genome-scale regulatory-metabolic network
models in an automated fashion [15]. Using PROM, the first integrated genome scale
model for the pathogen, M. tuberculosis, was constructed. Furthermore, PROM can
detect drug targets and metabolic flux changes, and predict gene knockout pheno-
types and growth rates quantitatively.

Acknowledgments I acknowledge funding through an International Predoctoral Fellowship from
the Howard Hughes Medical Institute; I thank Dr. Nathan Price for valuable guidance and James
Eddy for help with making some of the figures.



322 S. Chandrasekaran

References

1. Amitl, Garber M, Chevrier N, Leite AP, Donner Y, Eisenhaure T, Guttman M, Grenier JK, Li W,
Zuk O, Schubert LA, Birditt B, Shay T, Goren A, Zhang X, Smith Z, Deering R, McDonald RC,
Cabili M, Bernstein BE, Rinn JL, Meissner A, Root DE, Hacohen N, Regev A (2009) Unbiased
reconstruction of a mammalian transcriptional network mediating pathogen responses. Science
326:257-263

2. Babu MM, Lang B, Aravind L (2009) Methods to reconstruct and compare transcriptional
regulatory networks. Methods Mol Biol 541:163-180

3. Balazsi G, Heath AP, Shi L, Gennaro ML (2008) The temporal response of the Mycobacterium
tuberculosis gene regulatory network during growth arrest. Mol Syst Biol 4:225

4. Bansal M, Belcastro V, Ambesi-Impiombato A, di Bernardo D (2007) How to infer gene
networks from expression profiles. Mol Syst Biol 3:78

5. Basso K, Margolin AA, Stolovitzky G, Klein U, Dalla-Favera R, Califano A (2005) Reverse
engineering of regulatory networks in human B cells. Nat Genet 37:382-390

6. Becker SA, Feist AM, Mo ML, Hannum G, Palsson BO, Herrgard MJ (2007) Quantitative
prediction of cellular metabolism with constraint-based models: the COBRA Toolbox. Nat
Protoc 2:727-738

7. Becker SA, Palsson BO (2008) Context-specific metabolic networks are consistent with exper-
iments. PLoS Comput Biol 4:¢1000082

8. Bonneau R (2008) Learning biological networks: from modules to dynamics. Nat Chem Biol
4:658-664

9. Bonneau R, Facciotti MT, Reiss DJ, Schmid AK, Pan M, Kaur A, Thorsson V, Shannon P,
Johnson MH, Bare JC, Longabaugh W, Vuthoori M, Whitehead K, Madar A, Suzuki L, Mori
T, Chang DE, Diruggiero J, Johnson CH, Hood L, Baliga NS (2007) A predictive model for
transcriptional control of physiology in a free living cell. Cell 131:1354-1365

10. Boshoff HI, Myers TG, Copp BR, McNeil MR, Wilson MA, Barry CE (2004) The transcrip-
tional responses of Mycobacterium tuberculosis to inhibitors of metabolism: novel insights
into drug mechanisms of action. J Biol Chem 279:40174-40184

11. Brazma A, Parkinson H, Sarkans U, Shojatalab M, Vilo J, Abeygunawardena N, Holloway
E, Kapushesky M, Kemmeren P, Lara GG, Oezcimen A, Rocca-Serra P, Sansone SA (2003)
ArrayExpress-a public repository for microarray gene expression data at the EBI. Nucleic
Acids Res 31:68-71

12. Camacho DM, Collins JJ (2009) Systems biology strikes gold. Cell 137:24-26

13. Carro MS, Lim WK, Alvarez MJ, Bollo RJ, Zhao X, Snyder EY, Sulman EP, Anne SL, Doetsch
F, Colman H, Lasorella A, Aldape K, Califano A, Iavarone A (2010) The transcriptional network
for mesenchymal transformation of brain tumours. Nature 463:318-325

14. Chandrasekaran S, Ament SA, Eddy JA, Rodriguez-Zas SL, Schatz BR, Price ND, Robinson
GE (2011) Behavior-specific changes in transcriptional modules lead to distinct and predictable
neurogenomic states. Proc Natl Acad Sci U S A 108:18020-18025

15. Chandrasekaran S, Price ND (2010) Probabilistic integrative modeling of genome-scale
metabolic and regulatory networks in Escherichia coli and Mycobacterium tuberculosis. Proc
Natl Acad Sci USA 107:17845-17850

16. Colijn C, Brandes A, Zucker J, Lun DS, Weiner B, Farhat MR, Cheng TY, Moody DB, Murray
M, Galagan JE (2009) Interpreting expression data with metabolic flux models: predicting
Mycobacterium tuberculosis mycolic acid production. PLoS Comput Biol 5:¢1000489

17. Covert MW, Knight EM, Reed JL, Herrgard MJ, Palsson BO (2004) Integrating high-throughput
and computational data elucidates bacterial networks. Nature 429:92-96

18. Covert MW, Schilling CH, Palsson B (2001) Regulation of gene expression in flux balance
models of metabolism. J Theor Biol 213:73-88

19. Covert MW, Xiao N, Chen TJ, Karr JR (2008) Integrating metabolic, transcriptional regulatory
and signal transduction models in Escherichia coli. Bioinformatics 24:2044-2050



20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Predicting Phenotype from Genotype 323

Davidson EH, Rast JP, Oliveri P, Ransick A, Calestani C, Yuh CH, Minokawa T, Amore G,
Hinman V, Arenas-Mena C, Otim O, Brown CT, Livi CB, Lee PY, Revilla R, Rust AG, Pan Z,
Schilstra MJ, Clarke PJ, Arnone MI, Rowen L, Cameron RA, McClay DR, Hood L, Bolouri
H (2002) A genomic regulatory network for development. Science 295:1669-1678

Duarte NC, Becker SA, Jamshidi N, Thiele I, Mo ML, Vo TD, Srivas R, Palsson BO (2007)
Global reconstruction of the human metabolic network based on genomic and bibliomic data.
Proc Natl Acad Sci U S A 104:1777-1782

Edelman LB, Chandrasekaran S, Price ND (2010) Systems biology of embryogenesis. Reprod
Fertil Dev 22:98-105

Edgar R, Domrachev M, Lash AE (2002) Gene expression omnibus: NCBI gene expression
and hybridization array data repository. Nucleic Acids Res 30:207-210

Efron B (2002) Least angle regression. Department of Biostatistics, Stanford University, Stan-
ford, CL

Faith JJ, Driscoll ME, Fusaro VA, Cosgrove EJ, Hayete B, Juhn FS, Schneider SJ, Gardner
TS (2008) Many microbe microarrays database: uniformly normalized Affymetrix compendia
with structured experimental metadata. Nucleic Acids Res 36:D866-D870

Faith JJ, Hayete B, Thaden JT, Mogno I, Wierzbowski J, Cottarel G, Kasif S, Collins JJ, Gardner
TS (2007) Large-scale mapping and validation of Escherichia coli transcriptional regulation
from a compendium of expression profiles. PLoS Biol 5:e8

Feist AM, Herrgard MJ, Thiele I, Reed JL, Palsson BO (2009) Reconstruction of biochemical
networks in microorganisms. Nat Rev Microbiol 7:129-143

Feist AM, Palsson BO (2008) The growing scope of applications of genome-scale metabolic
reconstructions using Escherichia coli. Nat Biotechnol 26:659-667

Friedman N, Linial M, Nachman I, Pe’Er D (2000) Using Bayesian networks to analyze expres-
sion data. J] Comput Biol 7:601-620

Goelzer A, Brikci FB, Martin-Verstraete I, Noirot P, Bessi¢res P, Aymerich S, Fromion V
(2008) Reconstruction and analysis of the genetic and metabolic regulatory networks of the
central metabolism of Bacillus subtilis. BMC Syst Biol 2:20

Harbison CT, Gordon DB, Lee TI, Rinaldi NJ, Macisaac KD, Danford TW, Hannett NM,
Tagne JB, Reynolds DB, Yoo J, Jennings EG, Zeitlinger J, Pokholok DK, Kellis M, Rolfe
PA, Takusagawa KT, Lander ES, Gifford DK, Fraenkel E, Young RA (2004) Transcriptional
regulatory code of a eukaryotic genome. Nature 431:99-104

Henry CS, Dejongh M, Best AA, Frybarger PM, Linsay B, Stevens RL (2010) High-throughput
generation, optimization and analysis of genome-scale metabolic models. Nat Biotechnol
28:977-982

Herrgard MJ, Lee BS, Portnoy V, Palsson BO (2006) Integrated analysis of regulatory
and metabolic networks reveals novel regulatory mechanisms in Saccharomyces cerevisiae.
Genome Res 16:627-635

Herrgard MJ, Swainston N, Dobson P, Dunn WB, Arga KY, Arvas M, Bluthgen N, Borger
S, Costenoble R, Heinemann M, Hucka M, le Novere N, Li P, Liebermeister W, Mo ML,
Oliveira AP, Petranovic D, Pettifer S, Simeonidis E, Smallbone K, Spasic I, Weichart D, Brent
R, Broomhead DS, Westerhoft HV, Kirdar B, Penttila M, Klipp E, Palsson BO, Sauer U, Oliver
SG, Mendes P, Nielsen J, Kell DB (2008) A consensus yeast metabolic network reconstruction
obtained from a community approach to systems biology. Nat Biotechnol 26:1155-1160
Hood L, Perlmutter R (2004) The impact of systems approaches on biological problems in
drug discovery. Nat Biotechnol 22:1215-1217

Irrthum A, Wehenkel L, Geurts P (2010) Inferring regulatory networks from expression data
using tree-based methods. PLoS One 5:¢12776

Jensen PA, Papin JA (2011) Functional integration of a metabolic network model and expression
data without arbitrary thresholding. Bioinformatics 27:541-547

Kanehisa M, Araki M, Goto S, Hattori M, Hirakawa M, Itoh M, Katayama T, Kawashima
S, Okuda S, Tokimatsu T, Yamanishi Y (2008) KEGG for linking genomes to life and the
environment. Nucleic Acids Res 36:D480-D484



324 S. Chandrasekaran

39. Karr JR, Sanghvi JC, Macklin DN, Gutschow MV, Jacobs JM, Bolival B Jr, Assad-Garcia
N, Glass JI, Covert MW (2012) A whole-cell computational model predicts phenotype from
genotype. Cell 150:389-401

40. Kauffman KJ, Prakash P, Edwards JS (2003) Advances in flux balance analysis. Current Opin
Biotechnol 14:491-496

41. Kitano H (2002) Systems biology: a brief overview. Science 295:1662—-1664

42. Konopka G, Bomar JM, Winden K, Coppola G, Jonsson ZO, Gao F, Peng S, Preuss TM,
Wohlschlegel JA, Geschwind DH (2009) Human-specific transcriptional regulation of CNS
development genes by FOXP2. Nature 462:213-217

43. Lee JM, Gianchandani EP, Eddy JA, Papin JA (2008) Dynamic analysis of integrated signaling,
metabolic, and regulatory networks. PLoS Comput Biol 4:¢1000086

44. Lee TI, Rinaldi NJ, Robert F, Odom DT, Bar-Joseph Z, Gerber GK, Hannett NM, Harbison CT,
Thompson CM, Simon I, Zeitlinger J, Jennings EG, Murray HL, Gordon DB, Ren B, Wyrick
JJ, Tagne JB, Volkert TL, Fraenkel E, Gifford DK, Young RA (2002) Transcriptional regulatory
networks in Saccharomyces cerevisiae. Science 298:799-804

45. Lewis NE, Nagarajan H, Palsson BO (2012) Constraining the metabolic genotype-phenotype
relationship using a phylogeny of in silico methods. Nat Rev Microbiol 10:291-305

46. Mahadevan R, Schilling CH (2003) The effects of alternate optimal solutions in constraint-
based genome-scale metabolic models. Metab Eng 5:264-76

47. Marbach D, Costello JC, Kuffner R, Vega NM, Prill RJ, Camacho DM, Allison KR, Aderhold
A, Allison KR, Bonneau R, Camacho DM, Chen Y, Collins JJ, Cordero F, Costello JC, Crane
M, Dondelinger F, Drton M, Esposito R, Foygel R, de la Fuente A, Gertheiss J, Geurts P,
Greenfield A, Grzegorczyk M, Haury AC, Holmes B, Hothorn T, Husmeier D, Huynh-Thu
VA., Irrthum, A., Kellis M, Karlebach G, Kuffner R, Lebre S, de Leo V, Madar A, Mani S,
Marbach D, Mordelet F, Ostrer H, Ouyang Z, Pandya R, Petri T, Pinna A, Poultney CS, Prill
RJ., Rezny S, Ruskin HJ, Saeys Y, Shamir R, Sirbu A, Song M, Soranzo N, Statnikov A,
Stolovitzky G, Vega N, Vera-Licona P, Vert JP, Visconti A, Wang H, Wehenkel L, Windhager
L, Zhang Y, Zimmer R, Kellis M, Collins JJ, Stolovitzky G (2012a) Wisdom of crowds for
robust gene network inference. Nat Methods 9:796-804

48. Marbach D, Prill RJ, Schaffter T, Mattiussi C, Floreano D, Stolovitzky G (2010) Revealing
strengths and weaknesses of methods for gene network inference. Proc Natl Acad Sci USA
107:6286-6291

49. Marbach D, Roy S, Ay F, Meyer PE, Candeias R, Kahveci T, Bristow CA, Kellis M (2012b)
Predictive regulatory models in Drosophila melanogaster by integrative inference of transcrip-
tional networks. Genome Res 22:1334-1349

50. Margolin AA, Nemenman I, Basso K, Wiggins C, Stolovitzky G, Califano A (2006) ARACNE:
an algorithm for the reconstruction of gene regulatory networks in a mammalian cellular con-
text. BMC Bioinf 7(Suppl 1):S7

51. MoML, Palsson BO, Herrgard MJ (2009) Connecting extracellular metabolomic measurements
to intracellular flux states in yeast. BMC Syst Biol 3:37

52. Oldham MC, Konopka G, Iwamoto K, Langfelder P, Kato T, Horvath S, Geschwind DH (2008)
Functional organization of the transcriptome in human brain. Nat Neurosci 11:1271-1282

53. OrthJD, Conrad TM, NaJ, Lerman JA, Nam H, Feist AM, Palsson BO (2011) A comprehensive
genome-scale reconstruction of Escherichia coli metabolism-2011. Mol Syst Biol 7:535

54. Price ND, Papin JA, Schilling CH, Palsson BO (2003) Genome-scale microbial in silico models:
the constraints-based approach. Trends Biotechnol 21:162—-169

55. Price ND, Reed JL, Palsson BO (2004) Genome-scale models of microbial cells: evaluating
the consequences of constraints. Nat Rev Microbiol 2:886-897

56. Raman K, Rajagopalan P, Chandra N (2005) Flux balance analysis of mycolic acid pathway:
targets for anti-tubercular drugs. PLoS Comput Biol 1:e46

57. Robinson GE (2004) Genomics. Beyond nature and nurture. Science 304:397-399

58. Robinson GE, Fernald RD, Clayton DF (2008) Genes and social behavior. Science 322:896—
900



12

59.

60.

61.

62.

63.

64.

65.

66.

67.

Predicting Phenotype from Genotype 325

Rodionov DA (2007) Comparative genomic reconstruction of transcriptional regulatory net-
works in bacteria. Chem Rev 107:3467-3497

Roy S, Ernst J, Kharchenko PV, Kheradpour P, Negre N, Eaton ML, Landolin JM, Bristow
CA, Ma L, Lin MF, Washietl S, Arshinoff BI, Ay F, Meyer PE, Robine N, Washington NL,
di Stefano L, Berezikov E, Brown CD, Candeias R, Carlson JW, Carr A, Jungreis I, Marbach
D, Sealfon R, Tolstorukov MY, Will S, Alekseyenko AA, Artieri C, Booth BW, Brooks AN,
Dai Q, Davis CA, Duff MO, Feng X, Gorchakov AA, Gu T, Henikoff JG, Kapranov P, Li R,
Macalpine HK, Malone J, Minoda A, Nordman J, Okamura K, Perry M, Powell SK, Riddle
NC, Sakai A, Samsonova A, Sandler JE, Schwartz YB, Sher N, Spokony R, Sturgill D, van
Baren M, Wan KH, Yang L, Yu C, Feingold E, Good P, Guyer M, Lowdon R, Ahmad K,
Andrews J, Berger B, Brenner SE, Brent MR, Cherbas L, Elgin SC, Gingeras TR, Grossman
R, Hoskins RA, Kaufman TC, Kent W, Kuroda MI, Orr-Weaver T, Perrimon N, Pirrotta V,
Posakony JW, Ren B, Russell S, Cherbas P, Graveley BR, Lewis S, Micklem G, Oliver B,
Park PJ, Celniker SE, Henikoff S, Karpen GH, Lai EC, Macalpine DM, Stein LD, White KP,
Kellis M (2010) Identification of functional elements and regulatory circuits by Drosophila
modENCODE. Science 330:1787-1797

Salgado H, Gama-Castro S, Martinez-Antonio A, Diaz-Peredo E, Sanchez-Solano F, Peralta-
Gil M, Garcia-Alonso D, Jimenez-Jacinto V, Santos-Zavaleta A, Bonavides-Martinez C,
Collado-Vides J (2004) RegulonDB (version 4.0): transcriptional regulation, operon organiza-
tion and growth conditions in Escherichia coli K-12. Nucleic Acids Res 32:D303-D306
Sassetti CM, Boyd DH, Rubin EJ (2003) Genes required for mycobacterial growth defined by
high density mutagenesis. Mol Microbiol 48:77-84

Shlomi T, Cabili MN, Herrgard MJ, Palsson BO, Ruppin E (2008) Network-based prediction
of human tissue-specific metabolism. Nat Biotechnol 26:1003-1010

Shlomi T, Eisenberg Y, Sharan R, Ruppin E (2007) A genome-scale computational study of
the interplay between transcriptional regulation and metabolism. Mol Syst Biol 3:101
Sreekumar A, Poisson LM, Rajendiran TM, Khan AP, Cao Q, Yu J, Laxman B, Mehra R,
Lonigro RJ, Li Y, Nyati MK, Ahsan A, Kalyana-Sundaram S, Han B, Cao X, Byun J, Omenn
GS, Ghosh D, Pennathur S, Alexander DC, Berger A, Shuster JR, Wei JT, Varambally S,
Beecher C, Chinnaiyan AM (2009) Metabolomic profiles delineate potential role for sarcosine
in prostate cancer progression. Nature 457:910-914

Teixeira MC, Monteiro P, Jain P, Tenreiro S, Fernandes AR, Mira NP, Alenquer M, Freitas AT,
Oliveira AL, Sa-Correia I (2006) The YEASTRACT database: a tool for the analysis of tran-
scription regulatory associations in Saccharomyces cerevisiae. Nucleic Acids Res 34:D446—
D451

Winston ML (1987) The biology of the honey bee. Harvard University Press, Cambridge



Index

A

Activator-inhibitor, 6, 286

Acyclic, 186, 188, 199, 200

Acyclicity, 186

Adaptation, 48, 58, 59

Adaptive control, 104

Affine toric variety, 45

Aikake’s information criterion, 160

Aleatory variability, 7, 287

Algebraic, 4, 5, 9, 45, 265

Amino acid, 2, 11, 23, 25, 26, 28, 122, 131,
144146, 148

Analyzing subsets of transcriptional reg-
ulators influencing expression
(ASTRIX), 307, 312-316, 319,
321

Aristotelian, 7, 287

Associativity, 221

Atomic event-systems, 6, 9, 10, 41, 42, 44,
45

Auto-regulation, 16, 296

Autocatalytic reaction, 57

B

Bacilus subtilis (B. subtilis), 2, 3, 8, 25, 122,
123, 128, 145

Basis, 211, 212, 222

Bayes’ theorem, 8, 14, 16, 20-23, 288, 294,
296, 300-303

Bayesian, 153, 155, 157, 164, 169, 314

Bayesian estimation, 9, 289

Betweenness centrality, 213

Binary operator, 259, 260

Bind, 189, 190

Binding, 182

Binomials, 4, 7, 11

Biochemical Abstract
Machine (BIOCHAM), 264, 265
Biological network, 48, 67
Biomolecular, 228
Biosynthesis, 228-230, 235
Bode analysis, 249
Bode plot, 249, 250
Boolean, 259, 262
Boolean Decision Diagram (BDD), 268,
269, 277
Boolean operator, 260
Boundary layer, 201, 209
Bounded, 184-186, 191, 203, 204, 208
Boundedness, 48, 50, 51, 63-65, 67-69
Branched, 181, 182, 184, 198

C

Capacity, 11, 17, 131, 137

Cascade, 204, 208

Cauchy’s existence theorem, 16

Causality, 4, 284

Cell fate, 263-266, 276

Cell signaling, 85

Characteristic polynomial, 56, 58, 59, 68, 69

Chemical reaction network, 26, 48, 66

Chemical reaction network theory (CRNT),
199

Chemotherapy, 245

Cholesterol, 229, 230, 234-236, 243, 252

Circadian, 229, 247-249, 251

Closed set, 202

Cluster, 215-220, 223

Clustering coefficient, 215, 217

Co-factor, 1, 15, 121, 135

Co-metabolite, 1, 15, 121, 135

Coding, 183, 184, 188-190

V. V. Kulkarni et al. (eds.), A Systems Theoretic Approach to Systems and Synthetic 327
Biology I: Models and System Characterizations, DOI: 10.1007/978-94-017-9041-3,

© Springer Science+Business Media Dordrecht 2014



328

Compact set, 196, 200, 202, 203, 209

Compartmental system, 89

Complementary sigmoid, 52, 57

Complex networks, 211, 212

Computation, 257-259

Computation tree logic (CTL), 260-262,
264, 265, 269, 273, 276

Conformation, 189

Conjunction, 259

Conservation class, 5, 6, 13, 38, 40, 41, 43,
44

Conservation law, 12, 13, 42-45

Constraint-based modeling, 307, 308

Consumption, 186, 191

Continuous, 5-7, 13-15, 17, 21, 34-37, 39,
50, 125-127, 133, 134, 137, 184,
186, 189, 198, 203, 205, 206, 208

Continuous stochastic logic (CSL), 272, 273

Continuous time, 230

Continuous time Markov chain (CTMC),
272-274, 277

Contraction method, 74

Contraction principle, 74

Control theory, 47

Converging input bounded state (CIBS),
203-205

Converging input converging state (CICS),
200, 201, 203, 205

Convex, 74, 75, 85, 86, 89, 95-99

Correlation coefficient, 214

Cromwell’s rule, 14, 294

Cross-talk, 257, 263, 266

Cyclic, 98, 99

D

Degradation, 184, 189, 190

Degree, 213-223

Degree distribution, 213, 217-219, 221
Derivative, 208

Detection, 153-159, 162, 165, 169-171
Deterministic, 4, 10, 19, 284, 290, 299
Diagonal, 74, 75, 77, 84-86, 90, 99
Differentiable, 196, 208

Differential entropy, 12, 292
Differential equations, 4, 5, 11, 14, 16, 17
Diffusive instability, 89
Diffusively-coupled, 89

Dilution, 187, 189, 190

Directed graph, 186

Discrete time, 230

Disjunction, 259

DNA, 1, 23, 121, 144

Index

DNA-damage, 3, 283
Dynamic inversion, 103, 111, 112, 115, 117,
118

E

Edge, 186, 221

Eigenvalue, 48, 54, 57

Electrocardiogram (ECG), 154

Elementary mode analysis (EMA), 212

Elliptic operator, 79

Elowitz-Leibler, 103, 104

End product control structure (EPCS), 3, 17,
18,20, 25,26, 123, 137, 138, 140,
145, 146

Energy, 230, 231

Energy cycle, 5, 24, 44

Entropy, 12, 13, 15, 17, 18, 292, 293, 295,
297, 298

Enzymatic networks, 48

Enzyme, 3-7, 9-11, 14-20, 24, 25, 27,
28, 123-127, 129-131, 134-140,
144, 146-148, 182-185, 187,
191, 193, 194, 197, 199, 200, 208

Enzyme kinetics, 182, 184, 185, 187, 198,
199

Epidermal growth factor (EGF), 60

Epilepsy, 153, 155, 161, 169

Epistemic indeterminacy, 7, 287

Epistemic separability, 7, 287

Equation, 181, 192, 200

Equilibrium, 49, 55, 57-62, 64, 68, 69, 191—
193, 198, 199, 201, 204, 207-209

Equilibrium point, 6, 8,9, 11,24, 27, 28, 38,
40, 44

Erdos-Renyi network, 213

Escherichia coli (E. coli), 104, 122, 145, 146

Event graph, 24, 43

Event systems, 4-6, 8-14, 23, 26, 27, 38, 41,
44, 45

Expectation maximization (EM), 240

Export rate, 187, 188

Extended Lyapunov function, 34, 36

External coincidence, 248, 251

F

Feedback, 59, 61, 62, 104, 105, 108, 110,
111, 116, 117

Fitness, 233, 237-239, 249, 251

Flow-invariant affine subspaces, 5

Fluorescence, 105

Fluorescent, 52



Index

Flux, 5, 9-12, 15-20, 23-25, 28, 125, 129—
132, 135-140, 144, 145, 148, 149,
193

Flux balance analysis (FBA), 212, 223, 309—
311, 317-320

Formula, 259-262

G

Gaussian, 6, 12, 15, 286, 292, 295

Gene, 182, 183, 188, 190, 198

Gene Regulatory Network (GRN), 270-272

Generalized linear model (GLM), 160, 165,
166

Genetic, 2,3,9, 11,15, 18,29, 122,123, 129,
131, 135, 138, 149

Genetic control, 2, 122

Genetic network, 181, 182, 194, 198

Genetic regulation, 181-183, 195

Genome, 52

Genotype, 307, 308, 315, 321

Geodesic, 214, 216, 217, 219-221

Gini coefficient, 214

Global regulation, 3, 18, 26, 123, 138, 146

Globally asymptotic stable (GAS), 193, 198,
200, 201, 203, 209

Goldbeter-Koshland function, 5, 285

Graph, 9, 24, 26, 41, 43, 212-215, 218

Graph analysis, 266, 276

Graph representation, 266, 276

Graphlet, 217, 220

Green’s identity, 80

Gutenberg-richter law, 213

H

Heatmap, 217, 218

Hidden Markov Model (HMM), 153, 155,
156, 171, 172

Hidden state, 235, 238, 239

Hill coefficient, 104, 105

Hill function, 49, 50, 52, 53, 67, 189

Hormone, 228-230, 235, 237

Hull, 98

Hypothesis, 2, 3, 8-10, 12, 15, 18, 19, 22,
282,283,288-290,292, 295,298,
299, 302

I
IKK, 245, 246
Import rate, 186, 188

329

Initial product control structure (IPCS), 3,
17, 18, 24-26, 123, 137, 138,
144-146

Input, 228, 232-235, 240, 243-245, 247-
251

Internal coincidence, 248

Intracortical electroencephalogram (iEEG),
154,155, 159, 161, 164, 170, 171

Invariant, 185, 196, 200, 202

Invariant set, 22, 23

Irreversible, 183, 184, 200

Irreversible enzyme, 1, 11, 12, 14-16, 18,24,
121,131, 132, 134-136, 138, 144

Isoenzyme, 3, 15, 16, 123, 135, 136

J
Jacobian, 48, 55, 57, 68, 69

K

K-core, 216

Kalman filtering, 20, 300
Knockout, 212, 223
Knockout strain, 212, 223
Krackhardt kite graph, 213
Kronecker product, 89

L

Lac operon, 66

Ladaptive control, 104

Laplacian, 74, 84, 90

Law of mass action, 4, 6, 11

Linear, 189, 205

Linear matrix inequality (LMI), 74, 94, 98

Linear programming, 310

Linear system identification, 227, 235, 244

Linear systems, 227, 232, 244, 247

Linear temporal logic (LTL), 259

Linear time invariant (LTT), 234, 239, 247—
251

Linearization, 53, 59, 69

Lipschitz, 184, 186, 189, 205, 208, 209

Local minima, 240, 244, 251

Local regulation, 3, 123

Loop shift transformation, 110

Lure system, 108

Lyapunov function, 5, 26-29, 34, 36, 38

Lyapunov-like function, 64, 67

Lysine, 26-29, 146-149

M
M. tuberculosis, 320, 321



330

Macromolecule, 5, 6, 285, 286

Magnetic resonance imaging (MRI), 161

Map, 76, 90

Markov, 153, 156, 169

Markov chain Monte Carlo (MCMC), 20,
300

Mass action kinetics, 4—6

Matrix measure, 74

Mean, 217, 219, 220, 222

Mean value theorem, 83, 93

Memoryless, 108

Metabolic, 1, 2, 10, 12, 14-16, 18, 19, 26,
29, 121, 122, 130, 132, 134-136,
138, 139, 146, 149, 150, 307, 308,
310, 316-321

Metabolic network, 1-3, 29, 121-123, 149,
181,182,186, 190, 198,308-311,
316-321

Metabolite, 3-7, 10-12, 15, 17, 18, 23—
25, 28, 123-127, 130-132, 135,
137, 138, 143-145, 148, 181-
184, 189, 192, 194, 198-200

Metric, 212-218, 220-223

Metzler matrix, 69

Michaelis—Menten, 182, 187, 188

Microbe, 220-222

Minimization of metabolic adjustment
(MOMA), 212

Mitogen activated protein kinase (MAPK),
104

Model checking, 257, 258, 261, 262

Model selection, 235, 238, 242, 244, 251

Model validation, 235, 249, 251

Modular, 29, 149

Modularity, 220, 221

Molecular, 227, 228

Monic monomial, 7

Monotone, 69, 108, 109, 111

Monotonic, 27

Monotonicity, 192, 206, 207

Motility, 220, 221

MRNA, 103-105, 111, 117, 188

Multimodal, 21, 301

Multistationarity, 47, 48, 69

Mutant, 223

Mutation, 263

N

Natural event systems, 5, 6, 9, 13, 23, 24,
26-29, 34, 36, 38, 40, 44

Nerve growth factor (NGF), 60

Network, 154, 155, 181, 183, 185-188, 192—
195, 198, 200, 203, 205, 307-321

Index

Network inference, 307, 311

Neumann boundary condition, 75, 79-81
Neumann eigenvalue, 74-76

Nf-«B, 244, 246

Nf-«B, 229, 244-246

Node, 103,105,110,111,117,213-215,217
Nonlinearity, 227, 243, 251, 252

(0]

Oncogenesis, 245

Operand, 259, 262

Operator, 259, 260

Optimal control, 153, 155, 169

Optimal detection policy (ODP), 155, 159,
162, 167, 170, 171

Ordinary differential equation (ODE), 181,
182, 185

Orthogonal, 76, 81, 90-92

Orthogonal projection, 76, 90

Oscillation, 47, 48, 56, 57, 103, 104, 109,
110, 113-117

Oscillator, 104, 114

Over-fitting, 235, 239, 244, 251

Over-parameterisation, 238

P

Parameter, 228, 230-234, 237, 238, 240,
243,245, 248

Pareto law, 213

Pareto-efficient, 19, 299

Partial differential equation (PDE), 74-77,
90, 99

Path, 258, 260-262

Pathway, 2, 3, 5, 7-9, 11, 12, 14-19, 23, 26,
27, 29, 48, 60, 62, 67, 122, 123,
125, 127-129, 131, 132, 134-
139, 144, 146, 147, 149, 150, 183,
184, 188, 190, 198, 199

Pattern formation, 74

Permutation, 99

Persistent network, 62

Perturbation, 181

Phase transition, 213

Phenotype, 307, 308, 310, 315, 316, 319—
321

Phosphorylation, 4, 284

PID control, 114, 116

Poisson degree distribution, 213

Positive, 184, 191, 193

Positive definite, 185, 191

Positivity, 184

Power law, 213



Index

Prediction error method (PEM), 232-234,
237,239, 240

Pregnenolone, 235, 237

Principal component analysis (PCA), 217-
220

Principle of indifference, 15, 295

Principle of maximum entropy, 15, 16, 18,
295, 296, 298

Probabilistic regulation of metabolism
(PROM), 307,311, 316, 318-321

Probability, 153, 155-158, 160, 164, 167—
169, 171

Production, 182, 183, 186

Progresterone, 229-231, 233, 235, 236, 243,
252

Progresterone synthesis, 229

Projection, 76, 90

Promoter, 104, 105, 111, 189, 190, 198

Proportional+integral (PI), 111, 115

Proposition, 258

Protein, 49, 60, 61, 65, 67, 103-105, 111,
117

Purine, 23, 24, 144

Q
Quantitative network (QN), 270, 271
Quasi-convex, 96

R

Reaction rate, 184, 185

Reaction-diffusion, 74, 75, 78, 84, 86, 99

Realization, 54, 57, 65

Reduced system, 194, 196, 198, 201, 202

Regulatory, 307, 308, 310-313, 315-321

Regulatory network, 1, 2, 26, 29, 121, 122,
146, 149

Relative entropy, 13, 14, 17, 293, 294, 297

Reporter, 52

Repressilator, 103-106, 109, 110, 112-117

Reversible, 200

Reversible enzymes, 5, 125

Ribosome, 189

Riboswitch, 27, 147

Rich-club coefficient, 215

Right non-negative (RNN), 18, 19

Ring oscillator, 97, 98

RNA, 6, 23, 27, 28, 49, 52, 126, 144, 147,
148

RNA polymerase, 6, 28, 126, 148

Robustness, 48, 53, 54, 69

Root, 194, 196, 202, 209

Ruth—-Hurwitz, 58

331

S

S-metric, 213

Satisfiability modulo theory (SMT), 269,
277

Saturation, 50, 61, 62

SBML, 275

Scale free, 213, 216

Second law of thermodynamics, 5, 27, 44

Seizure, 153-155, 159, 161, 162, 164, 165,
167, 168

Self-information, 10, 11, 13, 290, 291, 293

Sequence diagram, 264

Sequential Monte Carlo method, 21, 301

Set invariance, 53

Shannon-Khinchin axiom, 12, 292

Sigmoid, 51, 52

Singular value decomposition, 159, 163

Singularly perturbed system, 181

Smooth, 184, 186, 189, 201, 209

Spatial uniformity, 74, 75, 89, 94, 99

Spatio-temporal dynamics, 74

Stability, 103, 105, 106, 108-110, 113, 117,
201, 205

Standard deviation, 217, 219, 220

State, 228,233-235,238,239, 243,245,248,
252

State space, 233

Steady-state, 1, 2, 7-9, 11-17, 121, 122,
127-129, 131-137, 212

Steroid, 229, 235

Stochastic differential equation (SDE), 8,
288

Stochastic process, 239

Stoichiometric coefficient, 5, 44, 186

Stoichiometric constraint, 308, 310

Stoichiometry, 186

Strictly increasing, 185, 191, 192, 208

String theory, 4

Structural analysis, 47, 48, 51

Structural property, 48, 54, 57

Subspace, 76, 90

Substrate, 182

Subsystem, 200, 205-208

Surjective, 95, 96

Symmetric, 75, 78-80, 82, 84-93, 95, 96

Synchronization, 160, 164

Synchrony, 99

Synthesis, 184, 188-190

Synthetic accessibility, 212, 223

System, 227-235, 237-239, 243-248, 251

System identification, 227-229, 235, 239,
243-245, 248, 251, 252



332

T

Taylor series, 14, 15, 18-20

Temporal logic, 258, 259

Thermodynamic constraint, 318, 319

Tikhonov’s theorem, 181, 194,200-202, 209

Time delay, 267

Time scale separation, 181-183, 190, 193—
195, 198, 199, 201

Topological analysis, 212, 223

Topology, 48, 60, 212, 220

Tracking controller, 103, 110, 111, 116, 117

Transcription, 8, 16, 288, 296

Transcription factor (TF), 189, 190

Transcriptional network, 104

Transcriptional regulatory network (TRN),
310, 312-317, 320

Transcriptional repression, 49, 53, 54

Transfer function, 109

Transition, 258-262

Transition system, 258, 259, 261

Trif, 246, 247

Index

Tryptophan biosynthesis, 18, 298
Tunable, 104, 109, 110, 113, 116, 117
Turbulence, 213

U

Unary operator, 259, 260
Unimodal, 21, 301
Unprime, 268

Uptake rate, 212

A\
Vertex, 186, 215

V4

Zames-Falb multiplier, 103, 105, 108, 111,
117

Zero deficiency theorem, 68

Zipf law, 213



	Foreword
	Preface
	Contents
	Mathematical Analysis
	1 On the Mathematics of the Law of Mass Action
	1.1 Introduction
	1.2 Basic Definitions and Notation
	1.3 Finite Event-Systems
	1.4 Finite Physical Event-Systems
	1.5 Finite Natural Event-Systems
	1.6 Finite Natural Atomic Event-Systems
	1.7 Lessons Learnt
	References

	2 Structural Analysis of Biological Networks
	2.1 Introduction
	2.1.1 Motivating Example: A Qualitative Model for Transcriptional Repression

	2.2 Qualitative Models for Biological Dynamical Systems
	2.2.1 General Assumptions
	2.2.2 Glossary of Properties
	2.2.3 Network Graphs
	2.2.4 Example, Continued: Transcriptional Repression

	2.3 Robustness and Structural Properties
	2.4 Paradigmatic Structural Properties
	2.4.1 Multistationarity
	2.4.2 Oscillations
	2.4.3 Adaptation
	2.4.4 Spiking and Persistency: The MAPK Network as a Case Study
	2.4.5 The EGF-Induced Pathway and Its Spiking Behavior
	2.4.6 The NGF-Induced Pathway Is an Example of Persistent Network

	2.5 Structural Boundedness and Stability
	2.5.1 Structural Boundedness
	2.5.2 Structural Stability of Equilibria

	2.6 Conclusions
	References

	3 Guaranteeing Spatial Uniformity  in Reaction-Diffusion Systems Using Weighted L2 Norm Contractions
	3.1 Introduction
	3.2 Spatial Uniformity in Reaction-Diffusion PDEs
	3.3 Spatial Uniformity in Diffusively-Coupled Systems of ODEs
	3.4 LMI Tests for Guaranteeing Spatial Uniformity
	3.5 Conclusions
	References

	4 Robust Tunable Transcriptional Oscillators Using Dynamic Inversion
	4.1 Introduction
	4.2 System Description
	4.3 Stability Analysis for calS
	4.4 Background Results for DI Controllers
	4.5 DI Controller for Tunable Oscillations 1
	4.5.1 Problem Formulation
	4.5.2 Equivalence of DI and PID Control

	4.6 Simulation Results
	4.7 Conclusion
	References

	5 Towards the Modular Decomposition  of the Metabolic Network
	5.1 Introduction
	5.2 Two Main Control Structures in Metabolic Pathways
	5.3 The End-Product Control Structure
	5.3.1 Characteristics of the Steady-State Regime
	5.3.2 Integration of the Main Biological Configurations

	5.4 Other Control Structures
	5.4.1 Initial-Product Control Structure
	5.4.2 Not Controlled Structure

	5.5 Coordination Between Modules
	5.5.1 Impact of a Global Regulator
	5.5.2 Interconnections Between Modules

	5.6 Decomposition of the Metabolic Network into Modules
	5.6.1 The Main Identified Combinations
	5.6.2 An Example: The Synthesis of Lysine

	5.7 Conclusion
	References

	6 An Optimal Control Approach to Seizure Detection in Drug-Resistant Epilepsy
	6.1 Hidden State Transition Detection in Medicine
	6.2 Hidden Markov Model and State Evolution
	6.3 Optimal Control-Based Detection Policy
	6.4 Network-Based Analysis of the iEEG Recordings
	6.4.1 History-Dependent Model of the Output Measurements

	6.5 Multi-channel Intracranial EEG Recordings
	6.6 ODP Performance Evaluation
	6.7 Results
	6.7.1 Network-Based Connectivity Matrix and Singular Value Decomposition
	6.7.2 History-Dependent Output Distributions
	6.7.3 Optimal Detection Policy for Seizure Events

	6.8 Discussion
	6.8.1 Network-Based Analysis and Singular Value Decomposition

	References

	Biological Network Modelling
	7 Model Reduction of Genetic-Metabolic Networks via Time Scale Separation
	7.1 Introduction
	7.2 Models for Metabolic Reactions Under Genetic Control
	7.2.1 Enzyme Kinetics
	7.2.2 Metabolic Model
	7.2.3 Enzymatic Model

	7.3 Model Reduction via Time Scale Separation
	7.3.1 Metabolic Networks with Constant Enzyme Concentrations
	7.3.2 Time Scale Separation
	7.3.3 Sufficiency Conditions for Time Scale Separation

	7.4 Discussion
	References

	8 Networks, Metrics, and Systems Biology
	8.1 Introduction
	8.2 Network Metrics
	8.3 Multiple Network Metrics
	8.4 From Network Metrics to Organsim Phenotypes
	8.5 Lessons Learnt
	8.6 Conclusion
	References

	9 Understanding and Predicting Biological Networks Using Linear System Identification
	9.1 Introduction
	9.2 A Tutorial on System Identification: Linear Modelling  of Progesterone Biosynthesis
	9.2.1 Background
	9.2.2 Model Validation
	9.2.3 Hidden States and Model Selection
	9.2.4 System Identification for Noisy Measurements
	9.2.5 A Noisy Signal Example
	9.2.6 Limitations of System Identification

	9.3 Biological Examples of Successful Application
	9.3.1 Modelling the NF-κB Signalling Pathway
	9.3.2 Regulation of [Ca2+]cyt by Light and the Circadian Clock  in Arabidopsis

	9.4 Summary
	9.5 Model Used in Simulations
	References

	10 Model Checking in Biology
	10.1 Introduction
	10.2 What Is Model Checking?
	10.2.1 Transition Systems
	10.2.2 Temporal Logic
	10.2.3 Model Checking

	10.3 Usage of Model Checking in Biology
	10.3.1 Insights into Temporal Aspects of Signalling Crosstalk During Cell Fate Determination
	10.3.2 Symbolic Analysis of Biochemical Networks
	10.3.3 Insights into Signalling Crosstalk During Pancreatic Cancer

	10.4 Underlying Techniques
	10.4.1 Symbolic Transition Systems
	10.4.2 Symbolic Model Checking
	10.4.3 Path Representation
	10.4.4 Biological Model Analysis

	10.5 Probabilistic Model Checking
	10.5.1 Markov Chains and Their Analysis
	10.5.2 Biological Modeling with Markov Chains

	10.6 Lessons Learned
	10.7 Glossary
	References

	11 Computational Design of Informative Experiments in Systems Biology
	11.1 Introduction
	11.2 Preliminary Notions
	11.2.1 Modeling of Dynamical Systems
	11.2.2 Modeling Uncertainty
	11.2.3 Measuring Information

	11.3 Design Principles
	11.3.1 Goals
	11.3.2 Calculation

	11.4 Discussion
	11.5 Lessons Learned
	11.6 Conclusions
	References

	12 Predicting Phenotype from Genotype Through Reconstruction and Integrative Modeling  of Metabolic and Regulatory Networks
	[DELETE]
	12.1 Reconstruction and Simulation of Metabolic Networks
	12.2 Reconstructing Transcriptional Regulatory Networks
	12.3 Inferring TRNs Using ASTRIX
	12.4 Application: Inferring the Honeybee Brain TRN for Social Behavior Using ASTRIX
	12.5 Integration of Regulatory and Metabolic Networks  Using PROM
	12.6 Challenges of Integrated Regulatory-Metabolic Network Modeling
	12.7 Probabilistic Integrative Modeling Using PROM
	12.8 Application: Constructing an Integrated Network Model  for Tuberculosis Using PROM
	12.9 Conclusion
	12.10 Lessons Learnt
	References

	Index



